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ABSTRACT
Studies of inequality in exposure to less common air pollutants, like metals, are often limited by
the costs of high spatial resolution measurements. Spanish moss (Tillandsia usneoides) is a promising
bioindicator for measuring air pollution due to its lower cost, enabling capture of time-average
environmental concentrations at high spatial resolution. This study had three major aims. First, I aimed
to use Spanish moss as a bioindicator to characterize ambient concentrations of selected metals (Ti, Cr,
Mn, Co, Ni, Cd, Hg, Pb, As, and Sb) in Tampa, Florida. My second goal was to determine the impact of
vegetation cover on metals air pollutants. Last, I aimed to determine the environmental equity
implications of metals air pollution in the area. As primary data, metals air pollution concentrations
were obtained from Spanish moss. A mixture of acids was used to extract the metals from Spanish moss.
Inductively Coupled Plasma Mass Spectrometry (ICP-MS) was then used to analyze the metals from the
final solution. Secondary data include population demographics from the U.S. Census from the American
Community Survey 2014–2018, tree cover, and road data.
For the first goal, samples were collected at three sites near air pollution sources and at three
sites within conservation lands around Tampa to examine differences in concentrations of Spanish moss.
Three samples were collected from each site. As a complementary analysis, the correlation of metals
concentrations in Spanish moss with major roads and distance to pollution point sources was examined.
The Mann-Whitney U test was performed to examine metals concentrations differences between
potentially polluted and conservation land sites, while Spearman’s correlation was performed to
examine the correlation between metals concentrations and major roads and distance to pollution point
source. The findings showed that Spanish moss can distinguish between variations in metals pollutant
concentrations in the air. Statistical analysis results indicate that there was a significant difference in
viii

metals concentrations (Ti, Cr, Co, Ni, Cd, Pd, As and Sb) between polluted and conservation land sites
within high mean concentrations in Spanish moss at polluted sites and low mean concentrations at
conservation land sites. Manganese showed an opposite association of other metals. This opposite
association was explained by the enrichment of this type of pollutant in forest grounds since this metal
is an essential nutrient found in plants (litterfall likely caused the forest ground enrichment of this
metal).
For the second goal which examines the effect of tree cover on metal air pollution
concentrations, a total of 180 samples of Spanish moss were collected within the city of Tampa. Tree
cover percentages were calculated in different buffer sizes around the sampling sites to examine their
correlations with metals concentrations. Road density was also calculated and introduced as an
explanatory variable since roads are one of the main air pollution sources. Spearman’s correlation,
ordinary least square (OLS) and simultaneous autoregressive (SAR) regression models were performed
to examine the correlation between tree cover percentage in different buffer sizes and metals
concentrations. The findings showed that Cd, Pb and Sb showed negative significant associations with
tree cover percentage in Spearman’s correlation only, while no association were found in regression
models. Thus, the finding of the association between these metals and tree cover percentage is
considered to be weak. It is commonly known that the examination of tree cover as an air filter is
complex due to the many variables that could affect this correlation. Future work is needed to consider
other factors that affect air pollution in the air and air pollution foliar deposition such as vegetation
characteristics, meteorological data, and chemical/physical characteristics of pollutant types when
examining the efficiency of vegetation in enhancing air quality.
For the third goal of this dissertation, environmental inequity was examined by comparing
demographic data at the block group level, with metals air pollution data measured by Spanish moss.
Sixty block groups were randomly selected to represent my block group samples. The averaged metal
ix

concentration value of three samples was assigned to each block group. For statistical analysis,
Spearman’s correlation and linear regression were performed (full model and backward step-wise
model). Results for race/ethnicity variables showed that Blacks and Hispanics are disproportionately
exposed to high level of metals concentrations (Ti, Cd, Pb, and Sb for African Americans, and Pb only for
Hispanics). Elderly population were found to be negatively associated with Sb and Pb metals
concentrations. There were no associations between poverty level and income and metals
concentration. However, other wealth indicator variables such as renters, household size, and singlefamily units indicated that poor people were not associated with high levels of metals air pollution.
Similar results were found in previous studies conducted in the area that modeled hazardous air
pollution. Further research is needed to examine the latter association since it appears to be complex in
the city of Tampa

x

CHAPTER 1: INTRODUCTION
Air pollution is a heavily documented topic in literature and is studied all over the world due to
its negative effects on public health and the environment. Environmental equity studies examine
different types of air pollution and their disproportionate distribution among population groups. The
majority of these studies have consistently revealed that certain population groups are
disproportionately exposed to high levels of air pollution (Chakraborty & Zandbergen, 2007; Gilbert &
Chakraborty, 2011; Lome-Hurtado et al., 2019; Moreno-Jimenez et al., 2016; Pearce & Kingham, 2008;
Stuart et al., 2009). Based on these studies, race/ethnicity and income are the most common variables
that correlate with air pollution concentration levels.
Studies of inequality in exposure to less common air pollutants, such as metals, that have
negative effects on public health according to the World Health Organization (WHO), are often limited
due to a lack of data on these types of pollutants. Most monitoring stations that measure air pollution
focus on criteria pollutants (O3, Pb, PM, SO2, NOx, and CO). Only a few monitoring stations, such as
those of the Chemical Speciation Network (CSN), measure metals that are under the hazardous air
pollutants list (HAPs). The network distribution of these stations is very sparse, and they rarely can
provide enough data to meet environmental equity study objectives. For example, there are only three
CSN monitoring stations in Florida that measure metal pollutants (Chemical Speciation Network, 2017).
Thus, the majority of environmental equity studies (e.g., Lersch & Hart, 2014; Lome-Hurtado et al., 2019;
Moreno-Jimenez et al., 2016; Stuart & Zeager, 2011) examine criteria air pollutants, while the
examination of hazardous pollutants in these studies is rare in the literature (metals are usually
classified as hazardous pollutants). Fewer environmental equity studies examine Hazardous Air
Pollutants (HAPs) exposure (e.g., Chakraborty, 2009; Chakraborty, 2012; Morello-Frosch et al., 2001; Yu
1

& Stuart, 2016), but models are the common method used to estimate risk of exposure to this type of
pollutant.
Vegetation cover, or urban green space, plays an important role in enhancing general quality of
city life (Selmi et al., 2016) and is widely accepted to enhance air quality (Setala et al., 2013). Even
though the correlation between vegetation cover and air pollution is complicated, many studies agree
that vegetation cover is an excellent filter for some types of air pollution (e.g., Currie & Bass, 2008;
Nowak et al., 2013; Nowak et al., 2014; Yang et al., 2008). Most of the studies used models to examine
and test the effectiveness of vegetation cover in an urban area in removing or enhancing air quality. As
researchers have stated in previous studies (Janhall, 2015; Stelala et al., 2013; Yin et al., 2011), actual
measurement and quantification experiments to examine the efficiency of vegetation in enhancing air
quality have rarely been done.
An increasing number of studies (Carreras & Pignata, 2002; Figueiredo et al., 2004; Schrimpff,
1983; Wannaz et al., 2006) have used biological indicators, also called bioindicators, such as Spanish
moss (Tillandsia usneoides) for measuring air pollution. The use of bioindicators such as Spanish moss
has attracted attention due to the low cost of collecting samples at a high spatial resolution compared
to traditional methods, such as monitoring stations and portable measurement devices (Gurgatz et al.,
2016; Harmens et al., 2010; Isaac-Olive et al., 2012; Wannaz et al., 2006). This gives bioindicators an
advantage over monitoring stations and traditional methods that use portable devices. During the last
40 years, studies on comparing air pollution concentrations in different species have found that these
bioindicators are an excellent air pollutant measurement tool in comparison to traditional methods
(e.g., Martinez-Carrillo et al., 2010; Sutton et al., 2014).
Using Spanish moss as an air pollution bioindicator in environmental justice studies provides a
low-cost and simple methodology for producing high spatial resolution data, thus overcoming the low
spatial resolution data and high costs that limit most air pollution studies. Other environmental justice
2

studies like this one could benefit from such a sampling methodology. To date, only a few of these
studies have involved biomonitoring methods (e.g., Gurgatz et al., 2016; Occelli et al., 2016) using tree
barks and lichen species as bioindicators. Introducing new species in environmental justice applications
will be beneficial to the field. The use of a particular species in any study depends first on the availability
of this species in the area and on how well it is distributed (Martinez-Resendiz et al., 2015). Moreover,
Spanish moss as an air pollution bioindicator is poorly examined in studies, especially as a passive
sampler. One of the main goals of this study was to determine the viability of Spanish Moss as a
bioindicator.. This also might help to provide information for developing standardized methods in future
studies since there are still no standardized sampling and analysis methods for biomonitoring (Marc et
al., 2015; Martinez-Resendiz et al., 2015).
High-spatial-resolution sampling of bioindicators will create opportunities for researchers who
examine the role of vegetation in air pollution mitigation to broaden their studies. This helps them
measure different types of air pollutants with a higher spatial resolution and lower cost. Previous studies
have examined the role of vegetation in mitigating pollutants such as NO2, VOC, and particulate matter
(e.g., Setala et al., 2013; Tong et al., 2016). However, metals have rarely been introduced in these
studies. Spanish moss, as an air pollution bioindicator, makes this type of application flexible and
achievable since it can provide data with high spatial resolution and high density at a low cost versus
traditional air pollution measures (Harmens et al., 2010; Schrimpff, 1983; Wannaz et al., 2006). In
addition, Spanish moss (or any other bioindicators) showed its capability in measuring the presence of
multiple pollutants in one sample (Harmens et al., 2010).
The use of bioindicators in environmental equity studies is extremely rare, as Occelli et al. (2016)
stated. Yet, the high-spatial-resolution sampling of bioindicators at a low cost will provide
environmental equity studies the opportunity to examine not only criteria pollutants as other previous
studies had (e.g., Lersch & Hart, 2014; Lome-Hurtado et al., 2019; Moreno-Jimenez et al., 2016) but also
3

metal pollutant exposure. According to the literature, metal exposure has rarely been examined in
environmental equity studies due to data availability issue. In Hillsborough County, and Tampa in
particular, environmental equity studies have examined NO2 (Stuart & Zeager, 2011) and lead (Lersch &
Hart, 2014) as criteria pollutants. Environmental equity studies (Chakraborty, 2001; Lersch & Hart, 2014;
Stuart et al., 2009) have used models based on proximity analysis to examine pollutant releases. Others
used dispersion models (e.g., Gurram et al., 2015; Yu & Stuart, 2013, 2016) to estimate concentrations
of some important toxic air pollutants, such as NOx, Benzene, formaldehyde etc. This study, which
examines environmental equity, is crucial since it provides information and metrics that support risk
management, policy making, and evaluation of current policies to help solve a bigger issue, that of
inequity and injustice in the city of Tampa.
In short, this study has three major objectives. First, it aims to prove that the use of Spanish
moss as a bioindicator is a good method for characterizing ambient concentrations of metals (Ti, Cr, Mn,
Co, Ni, Cd, Hg, Pb, As, and Sb) using passive sampling method in the city of Tampa, Florida. This was
done by comparing samples collected from sites that are potentially polluted and from conservation
lands that are much less polluted. My second objective is to determine the impact of vegetation cover
on metal air pollutants concentrations. To examine this, a quantitative examination was done to
evaluate the degree of correlation between the tree cover percentage and metal air pollutant
concentrations within buffers around each sampling site. Lastly, it aims to determine the environmental
equity implications of metal air pollution in Tampa, by comparing demographic data with air pollution
data obtained from Spanish moss. In this work, multiple Spanish moss samples were collected in the
field. Samples were treated in the lab to extract air pollution concentrations from them using inductively
coupled plasma mass spectroscopy (ICP-MS). Spearman’s correlation and linear regression analysis were
performed to examine association between metals air pollution concentrations and demographic
independent variables.
4

CHAPTER 2: SPANISH MOSS AS AN AIR POLLUTION MEASUREMENT METHOD
2.1 Introduction
Bioindicators provide a different approach in measuring air pollution. The use of bioindicators to
measure air pollutant metals started about 40 years ago (Figueiredo et al., 2007). An increasing number
of research studies used bioindicators, such as mosses, lichens, Tillandsia species, and more, to measure
different types of air pollutants, and this approach showed promising results in many applications (e.g.,
Carreras & Pignata, 2002; Figueiredo et al., 2004; Schrimpff, 1983; Wannaz et al., 2006). Using
bioindicators to measure air pollution is very useful due to their tolerance to high levels of substances;
they sustain substances in their tissues for a long time (Figueiredo et al., 2007; Loppi et al., 2004). Thus,
they create a good means of measuring long-term air pollution exposure. Also, their spatial distribution
and quantities provide them with an advantage as air pollution indicators when compared with
relatively limited monitoring stations (Figueiredo et al., 2007). Bioindicators are excellent air pollution
indicators for vast study areas and long-term monitoring due to their low cost and the ease of sampling
compared with other measuring techniques, such as filter sampling (Harmens et al., 2010; Isaac-Olive et
al., 2012; Wannaz et al., 2006).
2.2 Literature review
2.2.1 Biomonitors and Bioindicators
Although the terms biomonitor and bioindicator are similar, researchers have tried to
distinguish between them to achieve better understanding. In general, the term “biomonitor” has a
broad meaning, while bioindicators are those units used within the whole process of biomonitoring
(Figueiredo et al., 2007; Parmar et al., 2016). Bioindicators are living organisms that reveal something
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about their habitat or environmental conditions and information, such as health and quality (Figueiredo
et al., 2007). Parmar et al. (2016) added that these organisms can also show changes in environmental
quality. On the other hand, biomonitors or biomonitoring operates more broadly. It is a process of
continuously examining or observing an environment by using bioindicators (e.g., using Spanish moss
plants or lichens as air pollution biological indicators to biomonitor air quality for a certain period of
time) (Figueiredo et al., 2007; Martinez-Resendiz et al., 2015). Biomonitoring can also provide
quantitative data about the observed environmental quality for further analysis (Parmar et al., 2016). As
Namiesnik et al. (2005) stated, this whole approach can be categorized as a passive sampling technique
because it is similar to filters, which do not require any energy power to perform.
2.2.2 Epiphytic plants
Many species and biological materials have been used to measure heavy metals in the air,
including “mosses, lichens, tree barks, tree rings, grass, leaves, and ferns” (Figueiredo et al., 2007, p.
280). According to the literature, epiphytic plants such as mosses and lichens are the most common
bioindicators used to measure air pollutants (Goix et al., 2013; Pellegrini et al., 2014). Epiphytic plants
are organisms that live on other trees or plants, but are not parasitic to the host plant. They are also
called “air plants” because they usually get their water from the atmosphere instead of from the soil,
with which they have no direct interaction. Because of their need for humid air, they can be found in
rainforests and other humid climates; because of their lack of interaction with the soil, they are
excellent bioindicators to measure air pollutants (Ticianelli et al., 2004). Using epiphytic plants as
bioindicators for air pollution started in the 19th century. One of the early papers that examined lichens
as air pollution indicators was in 1886, as Figueiredo et al. (2007) reported.
2.2.3 Spanish moss (Tillandsia usneoides)
Spanish moss is found in the southeastern United States, extending from Texas to the Virginia
coast. It also extends further south, reaching Argentina and Chile in South America (Garth, 1964).
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Tillandsia is known to be the most xerophytic genus of the Bromeliaceae (Garth, 1964). High
temperature, humidity, and sunlight are the main growth factors required for Spanish moss species to
live and thrive in a specific place. The plant is frequently found to be exposed to sunlight and to live on
dead trees (Garth, 1964). This species does not have a root system that absorbs water, but the whole
plant is covered with scales that absorb moisture from the atmosphere (Garth, 1964). The plant uses its
root, or the edges of its branches, to attach itself to the host (e.g., a tree or telephone wires).
According to the literature, the earliest use of Spanish moss as a bioindicator was in 1952 by
MacIntire et al. (1952) to evaluate fluoride concentrations. Recently, several studies have measured air
pollution using Spanish moss because of its unique physiological and morphological features (Figueiredo
et al., 2001). Studies such as Isaac-Olive et al. (2012) have compared the results of Tillandsia usneoides
and filters in measuring air pollutants to evaluate the performance and measuring accuracy of the plant.
The plant was found to be an excellent indicator of air pollutants, with the results of filters and Spanish
moss being extremely similar (Isaac-Olive et al., 2012). Previous studies found high concentrations of
metals such as Al, As, Cr, Zn, Co, Cu, Fe, Mn, and S in the plant at locations close to pollution point
sources such as industrial sites (Carreras & Pignata, 2002; Figueiredo et al., 2007; Harmens et al., 2010).
Other studies related high concentrations of metals such as Zn, Pb, Ca, Cu, V, As, Sb, and Ba in Spanish
moss to the presence of heavy traffic (Figueiredo et al., 2001; Figueiredo et al., 2007; Harmens et al.,
2010; Loppi et al., 2004; Schrimpff, 1983; Wannaz et al., 2006).
2.2.4 Standardized methodology and biomonitoring
There are still no standardized sampling and analysis methods for biomonitoring (Marc et al.,
2015; Martinez-Resendiz et al., 2015). Bettinelli et al. (2002) stated that when the samples were
analyzed in several labs, they showed different results. So, we understand that a standardized method is
required to obtain consistent results when analyzing the same samples over and over. A standardized
method needs to be applied to the whole biomonitoring procedure, sampling method, sample
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preparation, and metal analysis (metal extraction), which is not currently the case, as previous studies
(e.g., Marc et al., 2015; Martinez-Resendiz et al., 2015) pointed out. As stated by Fernandez et al. (2015),
many biomonitoring studies did not provide or fully describe these procedures. This left the whole
procedure vague at a certain level, and even difficult to re-do because there are many aspects of
biomonitoring that were not described.
In the literature, many aspects of biomonitoring were taken into consideration. For sample
collection, aspects such as wearing gloves to avoid contamination, samples’ height above the ground,
parts of plants selected, sample transportation, plant cleaning, number of samples for each sampling
site, and exposure time of the sample were mentioned in previous studies (e.g., Fernandez et al., 2015;
Figueiredo et al., 2007; Isaac-Olive et al., 2012; Husk et al., 2004; Pellegrini et al., 2014). As stated
earlier, there is no standardized method for considering these aspects; however, there are common
procedures that have been followed (Martinez et al., 2015). For example, samples were collected at 1.5
to 3 meters above the ground, and samples were not washed, but manually cleaned only, etc. Most of
the studies did not select multiple samples at one location, as it is recommended and more reliable to
collect multiple samples. Also, only a few studies reported the transportation process, plant part
selection, or the use of gloves. Fernandez et al. (2015) stated that previous bioindicator studies did not
mention some important aspects of biomonitoring, while others’ descriptions of these aspects were
vague. This points at the need of a standardized method that can describe and mention all the
important aspects of biomonitoring, which is actually missing in literature.
For metal analysis, the literature used different mixtures of acids, digestion methodologies, and
instruments and tools to extract metals from the bioindicator plants. These differences would definitely
produce different results. For example, Bettinelli et al. (2002) stated that samples that were analyzed in
multiple laboratories showed different results because the procedures are not the same. Still, from
previous studies (e.g., Cardoso-Gustavson et al., 2015; Carreras & Pignata, 2002; Goix et al., 2013;
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Pellegrini et al., 2014; Pignata et al., 2002), nitric acid (HNO3), hydrogen peroxide acid (H2O2),
hydrochloric acid (HCl), and hydrofluoric acid (HF) are the most commonly used acids in the process of
digestion.
2.2.5 Biomonitoring study types
The biomonitoring approach is divided into two categories (Marc et al., 2015). First,
bioindicators can act as accumulators that capture pollutants, which can then be analyzed to measure
the pollutants’ concentrations. This approach requires further analysis in a laboratory to extract the
analytes of interest and measure their concentrations. Second, bioindicators can reveal habitat
conditions by observing responses, such as “behavior, morphological or histological characteristics, or
changes in the community of the species' structure” (Marc et al., 2015), to changes in the habitat. A
disadvantage of this approach is that it is not yet standardized; however, there are common techniques
that have been used widely in the literature to collect homogenized samples (Martinez-Resendiz et al.,
2015). Sampling procedures vary depending on the species used as a bioindicator.
Studies that use bioindicators as accumulators to measure air pollutants are divided into two
categories based on the origin of the samples: active biomonitoring and passive biomonitoring. The first
category involves the collection of plant species from a clean ecosystem, which are then transplanted
into the study area to measure pollution. This is a very common approach in many studies in which the
studied bioindicator species is poorly distributed in the study area (e.g., Amato-Lourenco et al., 2016;
Figueiredo et al., 2007; Pellegrini et al., 2014). The second approach, passive biomonitoring, involves
collecting samples directly from the study area followed by measuring (e.g., Pyatt et al., 1999). The latter
method was not very common in the literature. However, as stated by Martinez-Resendiz et al. (2015),
both methods showed excellent results. Fernandez et al. (2000) conducted a comparative study
between these two types of sampling methods to measure mercury, and the results revealed that both
methods are reliable.
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2.2.6 Previous biomonitoring studies’ experiments and goals
The number of studies that have examined Spanish moss as an air pollution bioindicator is not
large. However, a variety of studies have examined the plant in different ways to test its performance in
measuring air pollution, especially that involving trace elements, including metals. Among these are
studies that sought to test the performance of Spanish moss in measuring different types of air pollution
at different geographical scales (e.g., Cardoso-Gustavson et al., 2015; Isaac-Olive et al., 2012; MartinezCarrillo et al., 2010; Pellegrini et al., 2014; Pereira et al., 2007; Sutton et al., 2014). Studies also tried to
compare results obtained from Spanish moss to those from traditional methods and from other
bioindicator species (e.g., e.g., Giampaoli et al., 2016; Martinez-Carrillo et al., 2010; Pyatt et al., 1999;
Sutton et al., 2014). Others sought to improve the understanding of Spanish moss as a bioindicator by
examining its accumulation of and exposure time to different pollutants (e.g., Calasans & Malam, 1997;
Pyatt et al., 1999). Moreover, some studies tried to enhance sampling procedures for Spanish moss. This
section discusses these different types of studies that have examined Spanish moss as an air pollution
bioindicator.
Spanish moss studies were conducted at different geographical scales. Previous studies showed
the capability of Spanish moss to show spatial variation in air pollution at different geographical scales,
from large to small. Some of the studies that examined and measured air pollution using Spanish moss
as a bioindicator obtained samples associated with different land-use types (e.g., Cardoso-Gustavson et
al., 2015; Sutton et al., 2014). Others focused only on measuring the air surrounding air pollution
sources such as manufacturers and industrial sites (e.g., Isaac-Olive et al., 2012; Martinez-Carrillo et al.,
2010; Pellegrini et al., 2014; Pereira et al., 2007). Yet still other work used Spanish moss to measure air
pollution at a smaller scale, such as within an industrial area or the boundaries of a facility (e.g., Calasans
& Malm, 1997). All these studies aimed to show the capability of Spanish moss to distinguish spatial
variation in air pollution. To do that, researchers tried to show that pollution concentrations in Spanish
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moss tissue are high in pollution areas and zones, such as industrial sites, and low in areas where there
is less pollution in the air, such as nature reserves and rural areas.
In a study by Sutton et al. (2014), Spanish moss samples were collected from different land-use
types (urban, inland, industrial, and coastal) to measure the concentrations of mercury. As expected, the
mercury concentrations in samples collected from the industrial zone were the highest due to the
contamination of the air by the industrial sites. The plant tissue from urban sites showed the lowest
mercury concentrations. Different air pollution concentrations were found by comparing a controlled
site (nonurbanized and vegetated area), a road construction site, and a new road site (CardosoGustavson et al., 2015). The study used Spanish moss to examine the differences in concentration
between the sites. It was found that the new road site had the highest concentrations of metals, while
the controlled site had lower metal concentrations. This indicates that roads are a source of metals air
pollutants. For example, previous studies (e.g., Cempel & Nikel, 2005; Faroon et al., 2004; Fishbein,
1981; Molik et al., 2018; Nieuwenhuijsen et al., 2007; Nocon et al., 2020) stated that traffic and fossil
fuel combustion are sources of Mn, As, Cr, Co, Ni, and Cd metals air pollutions.
Some researchers conducted their air pollution measurements, using Spanish moss, only within
specific zones, such as industrial zones (e.g., Isaac-Olive et al., 2012; Martinez-Carrillo et al., 2010;
Pellegrini et al., 2014; Pereira et al., 2007). They highlighted the need for more accurate spatial
measurements in these areas, especially when there were insufficient monitoring stations for industrial
zones. An example is a study by Isaac-Olive et al. (2012) in Central Mexico. Using Spanish moss, the
study measured trace elements in the atmosphere in an industrial corridor since there was a limited
number of monitoring stations in this area. All the following elements were present in high
concentrations: Ce, La, Sm, Ca, K, Fe, Mn, Zn, and Cr. However, Ce, La, and Sm were present in the
highest concentrations. They were also associated with wind direction. A similar study was conducted in
Central Mexico in the Tula-Tepeji industrial area; samples were collected from four locations (Martinez11

Carrillo et al., 2010). The results showed that the highest concentrations of V, Ca, and S were associated
with the location of an oil refinery and power plant. Another study sought to collect samples close to
industrial and traffic pollution sources in Sao Paulo, Brazil (Figueiredo et al., 2007). The goal of the study
was to assess metallic air pollutants and to find their main pollution sources. Ten samples were collected
close to monitoring stations in the city. The results showed that the metals Zn and Co were significantly
associated with industrial areas, while Zn, Ba, and Ca were traffic-related pollutants, confirming the
results of another study conducted in the same city (Vianna et al., 2010).
Where a finer geographical unit was concerned—that is, in a chlor-alkali facility in Rio de
Janeiro, Brazil—Spanish moss was used to monitor the Hg concentration (Calasans & Malm, 1997). The
main goal was to examine the distribution of the Hg concentration within the facility since it was located
close to a residential area. The results showed that mercury concentrations were variable within the
facility based on the building type that emits this pollution.
Several studies (e.g., Calasans & Malm, 1997; Isaac-Olive et al., 2012; Martinez-Carrillo et al.,
2010; Pellegrini et al., 2014; Pereira et al., 2007) showed the capability of Spanish moss to show spatial
variation in air pollution at different geographical scales, from large to small. Spanish moss even
surpasses other species in terms of its ability to indicate the source of pollution, as Giampaoli et al.
(2016) showed in their comparative study of two bioindicator species, Spanish moss and Aechmea
fasciata. This ability to show variations in pollution made this plant a good indicator of air pollution, as
many other studies commented (e.g., Isaac-Olive et al., 2012; Li et al., 2012; Pyatt et al., 1999).
Researchers conducted comparative studies for bioindicator. When introducing a new air
pollution measurement method, it is important to conduct a study to compare the results achieved
using the new method with those achieved using a well-known and established method. A good number
of studies were conducted to compare the use of Spanish moss with traditional methods that employed
filters (e.g., Martinez-Carrillo et al., 2010; Sutton et al., 2014). This comparison helped understand the
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relationship between the metal concentrations within the plants and the concentration in the air. Other
studies compared Spanish moss concentration data with results acquired using other epiphytic plants
(e.g., Giampaoli et al., 2016; Pyatt et al., 1999). These studies examined whether Spanish moss showed
comparable results to those obtained with traditional air pollution measurement methods, and if
Spanish moss could show comparable results with other species.
To compare Spanish moss plants with filter-based air pollution measurement methods, a study
collected samples from an industrial area in Central Mexico to measure trace elements in the
atmosphere (Martinez-Carrillo et al., 2010). Samples were collected from four locations in the industrial
area. The trace element concentrations in the plant tissue were compared with filter concentrations to
determine a significant positive association between both sets of results (for the trace elements V, S, Ni,
Ca, Sr, Fe, Zn, and Cu). This indicates that an increase of certain pollutants concentrations in the air
cause an increase of concentrations in the bioindicator plant (Spanish moss). In another study
conducted in Florida, the concentration of mercury in Spanish moss tissue was compared with the
mercury concentration in the air that it was exposed to (Sutton et al., 2014). It was found that there was
a positive correlation between the air pollutants measured using filters and tissue concentrations.
The concentration in Spanish moss tissue has been compared with that in the tissue of other
epiphytic species. Pyatt et al. (1999) found that lichen and Spanish moss could provide comparable
results with respect to showing atmospheric concentrations. In their study, Pb was not found in samples
from both plants. The researchers stated that Pb mainly accumulated in the outer tissue of the plant,
and the plant was washed in the sampling preparation step. Another study conducted in an industrial
area in Central Mexico showed that concentrations in Spanish moss and Tillandsia recurvata plants were
highly comparable (Martinez-Carrillo et al., 2010). The study was conducted in the industrial area of
Tula-Tepeji in Central Mexico, and samples were collected at four locations. The concentrations of the
following elements were found to be comparable in both plants: Cr, Cu, Zn, Sr, Ca, K, and Fe.
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Pollutants accumulation within a single Spanish moss plant is different. Plants that are used as
air pollution bioindicators capture moisture that contains pollutants from the atmosphere and store
them differently in their tissues (Calasans & Malm, 1997; Pyatt et al., 1999). It is important to
understand the parts of the plant where the pollutants accumulate. This will help the analyst to select
the correct tissue of the plant during sampling procedures and to enhance the accuracy of the results by
collecting representative samples of the actual atmospheric pollutant concentrations. With most plants,
moisture generally enters the plant’s body through the roots, moving to the stems and, finally, to the
leaves. However, in Spanish moss, the mechanism is different. Spanish moss takes up air and moisture
from the atmosphere through scales that are spread all over its body and then transports it to its inner
tissues (Garth, 1964). At first glance, this indicates that the pollutants are distributed equally in or on the
plant. However, there is a lack of understanding in the literature about the distribution of pollutants
within the plant (e.g., new growing tissues might have less pollution than the older ones). For the
subsequent chemical analysis process, the more homogenous the tissue, the more accurately the results
represent the actual atmospheric pollutant concentrations. Thus, similarly to the study by Pyatt et al.
(1999), research should be conducted to test the homogeneity of accumulation in a single plant. Pyatt et
al. (1999)sought to compare the effectiveness of lichens and Spanish moss in measuring atmospheric
metal concentrations. The study area was Audubon Park in Louisiana (10 km from New Orleans). In the
second part of the study, different parts of Spanish moss were compared to see whether there were any
differences in pollutant concentrations between them. Samples of Spanish moss were collected at three
different locations to examine different concentration levels. The results of the study indicated that the
pollutant concentrations varied between parts, depending on the pollutant types; to learn more about
which pollutant accumulated in which part, see the paper by Pyatt et al. (1999).
Another study conducted in a chlor-alkali facility examined different parts of the Spanish moss
plant to see whether there are differences in Hg accumulation between them (Calasans & Malm, 1997).
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The researchers divided the plant into old tissue (brown color) and new tissue (green color) and
compared them with a sample of the whole plant. So, each sample consisted of three different
subsamples: old tissue, new tissue, and the whole plant. After testing 15 samples, the researchers found
that the old tissue had significantly higher Hg concentrations than the new tissue. They hypothesized
that this might be because Hg was transported from the newer tissue to the older tissue, besides time of
exposure differences of both parts. The whole plant sample showed a moderate concentration
compared with the old and new tissues.
A couple of studies sought to examine Hg (Filho et al., 2002) and Cs (Li et al., 2012) accumulation
in Spanish moss tissue to better understand where and how elements were stored in the plant. Both
studies employed a scanning electron microscope, while the study by Li et al. (2012) also employed an
energy dispersive spectrometer (EDS) to detect elements within the plant tissue. Li et al. (2012) revealed
that Spanish moss could survive when exposed to relatively high Cs stress and indicated that the species
was a promising bioindicator because it showed an increase in accumulation in association with a rise in
pollutant exposure. The researchers described the three main types of cells in Spanish moss: internal
disc cells, wing cells (which surround the internal disc cells), and ring cells. Cs was found in all three cell
types, along with other elements that are essential to plant life—for instance, C, N, O, Mg, Al, Si, and Ca
(Li et al., 2012). However, Cs was found in higher concentrations in the internal disc cells. At the final
stage, nutrition, the Cs pollutant was transported from the internal disc cells and through the stem to
the underlying mesophyll parenchyma. Hg, on the other hand, was found in the outer tissue of the
plant, which comprises scales, stems, and leaf surfaces (Filho et al., 2002). The results also showed that
Hg was not present in the mesophyll parenchyma (Filho et al., 2002), while Cs was present in that tissue
in high concentrations.
It can be inferred from these previous studies that pollution accumulation varies between
different parts of Spanish moss, even though it takes up moisture from all of its body using the scales,
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and also it varies between pollutants. This variation is based on the type of pollutants being
accumulated and exposure time. The findings of these studies are crucial since they require researchers
to be careful in selecting the proper plant tissues, or at least to collect homogenized samples (i.e.,
selecting only the lower 20 cm of the plant as done by Pellegrini et al. (2014)). Moreover, tissues of the
same age should be selected and compared because of the variation in pollution accumulation between
old and new tissues. As Pyatt et al. (1999) stated, it is important to select comparable tissues.
Pollutants accumulation in plant tissues and exposure time is different. In general, the longer
any epiphytic species is exposed to polluted air, the higher the concentrations of pollutants accumulated
in its tissue (Pyatt et al., 1999). Researchers tried to answer several questions, including the following:
How long should the plant be exposed to polluted air to reach the maximum accumulation of any
pollutant? Do all pollutants reach maximum accumulation within the same exposure time? Researchers
have tested Spanish moss or other epiphytic plants by comparing tissue concentrations after different
periods of exposure (e.g., Calasans and Malm, 1997; Figueiredo, 2007; Isaac-Olive et al., 2012; MartinezCarrillo et al., 2010). A study was conducted to measure the trace elements La, Ce, and Sm in an
industrial corridor that contained 39 industrial sites; the study used Spanish moss as a bioindicator
(Isaac-Olive et al., 2012). Samples were collected every week until week 13 to examine the differences in
accumulation by exposure time. It was found that maximum accumulation occurred at week 10 for La
and Ce, while Sm required more time to reach maximum accumulation. The authors stated that these
results were consistent with those of Figueiredo (2007). Another study, which Calasans and Malm (1997)
conducted, examined the Hg concentration in Spanish moss after 20, 38, and 68 days of exposure.
Fifteen samples were taken from plants distributed in a highly polluted industrial facility. The results for
all the samples showed that the Hg concentrations in the plants kept increasing. A study conducted in
the industrial area of Tula-Tepeji in Central Mexico revealed similar results, showing that the maximum
accumulations of V, K, S, Ca, and Fe were reached between weeks 8 and 10 (Martinez-Carrillo et al.,
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2010). The study examined plants after 1, 4, 8, and 10 weeks of exposure. A review paper that
investigated several studies involving Spanish moss and other epiphytic plants proposed that the best
exposure time for allowing the plant to reach maximum accumulation was between 4 and 6 weeks
(Martinez-Resendiz et al., 2015). However, this study discussed trace elements in general rather than
addressing differences in accumulation between different types of pollutants. Thus, maximum
accumulation can be reached after a certain exposure time depending on the pollutant types. It can be
inferred that selecting plant tissues that are exposed for a sufficient amount of time is crucial for
obtaining reliable concentrations. Collecting samples that do not have enough exposure or that have
different exposure times might not give representative results.
Washing or not washing the plant before analyzing could change the results. Many studies that
used Spanish moss to measure air pollution stated clearly that the samples were not washed prior to
analysis (e.g., Figueiredo et al., 2004; Figueiredo et al., 2007; Isaac-Olive et al., 2012; Vianna et al., 2010).
In fact, generally speaking, they should not be washed. According to the researchers (e.g., Isaac-Olive et
al., 2012; Pellegrini et al., 2014), the reason was to avoid the loss of any particulate that was captured in
the outer tissue of the plant. As discussed earlier in the literature, Spanish moss is covered with scales
that take up water from the atmosphere (Garth, 1964). These scales also capture the particles
suspended in the air, which would easily be lost if washed. Though many studies have tested this, as far
as I can infer, only a few papers published results comparing washed Spanish moss samples to
unwashed Spanish moss samples, such as the work by Pellegrini et al. (2014). Pellegrini et al. (2014)
measured air pollution using Spanish moss at five locations in Pisa, central Italy. They examined the
differences between washed and unwashed Spanish moss tissue. Twenty-two trace elements (Al, As, B,
Ba, Bi, Ca, Cd, Co, Cr, Cs, Cu, Fe, K, Mg, Mn, Na, Ni, Pb, Sb, Sr, V and Zn) were measured. According to the
results, 11 out of the 22 elements (Al, As, Bi, Ca, Cs, Fe, Mg, Mn, Na, and Sr) showed significant
decreases in concentration in the washed samples. Pellegrini et al. (2014) stated that these results were
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similar to those of another study (Aksoy & Ozturk, 1997): When the same experiment was performed
using Nerium oleander leaves, the results indicated that there were no differences in Cr, Cu, Pb, Sb, and
Zn concentrations.
2.2.7 Air pollution-related applications involving bioindicators
Almost all bioindicator studies are experimental, testing the performance of species in
measuring air pollution. They do this by measuring the pollutant in areas that have different air
concentration levels (e.g., Cardoso-Gustavson et al., 2015; Vianna et al., 2010) and by comparing the air
and tissue concentrations (e.g., Sutton et al., 2014). In the last decade, air pollution applications have
started to adapt this kind of method and have relied on it to measure air pollution. A few studies with
different applications that fall under the umbrella of air pollution topics have used bioindicator species
to monitor and measure air pollution. It seems that bioindicators are trusted: Their results have not
been compared to air sample data in several studies over the last few years. For example, bioindicators
were used in environmental justice studies (Gurgatz et al., 2016; Occelli et al., 2016). These studies
hypothesized that high levels of exposure were associated with minority and low-income populations.
An environmental justice study in an industrial region in northern France used a lichen species as a
bioindicator for measuring air pollution (Occelli et al., 2016). Due to the low cost of this method,
researchers were able to collect high spatial resolution data for air pollution in the industrial zone. The
results showed reliable trends: The trace metals air pollutants decreased proportionately to the distance
from the pollution source. The areas that were close to the industrial zone had the highest exposure
levels, while those that were far from industrial buildings showed lower pollution. Another
environmental application study, which was conducted in the port city of Paranagua in Brazil, used tree
barks as an air pollution bioindicator (Gurgatz et al., 2016). Both environmental justice studies showed
that high levels of exposure were associated with low-income and minority populations. The authors of
these studies stated that using bioindicator species to monitor air pollution was a money-saving method
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and that the method was used extremely rarely in such applications (Gurgatz et al., 2016; Occelli et al.,
2016). Another application involved the use of a bioindicator in a study in Sao Paulo, Brazil, to examine
vegetation that atmospheric pollutants had contaminated (Amato-Lourenco et al., 2016). The study
used Spanish moss to measure 17 trace elements in the atmosphere and later correlated their
concentrations with those in targeted vegetation. It was found that the concentrations in the vegetation
and the Spanish moss were associated.
Passive biomonitoring involves collecting samples directly from the study area followed by metal
extraction and measurement (e.g., Pyatt et al., 1999). This method has rarely been used in the literature.
Almost all Spanish moss studies (e.g., Cardoso-Gustavson et al., 2015; Figueiredo et al., 2004; Figueiredo
et al., 2007; Giampaoli et al., 2016; Isaac-Olive et al., 2012; Pellegrini et al., 2014) used the active
sampling method, which requires an analyst to transplant samples in the study area and collect them
again after a certain time period. Pyatt et al. (1999) performed the passive sampling method using
Spanish moss; however, their study was limited to examine only pollutant concentration differences in
different parts (e.g., old and new tissues) within a single plant. Fernandez et al. (2000) conducted a
comparative study between active and passive sampling methods to measure mercury, but the study
used Scleropodium purum and Hypnum cupressiforme plants. Their results revealed that both methods
are reliable for these plants. To address this gap in the literature, this dissertation conducted a passive
sampling method to better understand this bioindicator (Spanish moss) as a passive sampler. Another
gap in the literature, as Martinez-Resendiz et al. (2015) noted, is that the biomonitoring approach is not
yet standardized in terms of sampling and analytical methods. This dissertation addresses this gap by
developing a reasonable sampling and analytical method that is suitable specifically for Spanish moss.
2.3 Research question
Is Spanish moss (Tillandsia usneoides) an effective bioindicator of metal air pollutants in urban
areas when using the passive sampling method? Previous studies that examined different species as air
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pollution bioindicators, such as lichens and Spanish moss, found that they make good air pollution
indicators (e.g., Figueiredo et al., 2001; Schrimpff, 1983; Wannaz et al., 2006). They stated that the
different types of bioindicators successfully distinguished the variation in air pollutant concentrations.
This proposed research hypothesizes that the Spanish moss plant is an excellent indicator of air pollution
in the city of Tampa when used in the passive sampling method. To address the research question and
test the hypothesis, samples of Spanish moss were collected near pollution point sources (as polluted
areas) and in conservation lands (as nonpolluted areas) inside and outside the Tampa boundaries to
examine concentration variations in Spanish moss samples. Pollution concentration results were
obtained from Spanish moss samples using an ICP-MS instrument. The collected samples were dissolved
and transferred into solution form to be used in the ICP-MS instrument. After data were obtained from
ICP-MS, a Mann-Whitney U test was performed to examine whether there is a difference in metal
concentrations in Spanish moss plants between polluted and conservation land sites. Spearman’s
correlation was performed to examine the association between metal concentrations and total road
length and distance to the closest pollution point source.
2.4 Methods
2.4.1 Study area and scope
This study was conducted in Tampa, Florida (Figure 2.1). Tampa is one of the U.S. cities where
Spanish moss can be found growing abundantly. The climate in Tampa is subtropical with average
temperature in the region of 22°C, and the city’s area is 285 km2. It is estimated that the tree canopy in
Tampa is about 111.8 km2, and its coverage is about 32% of the total area (Landry et al., 2018). The
conservation lands around the city of Tampa are also part of this study, Figure 2.1. These conservation
lands are the Lower Hillsborough Wilderness Preserve (CL2), Upper Hillsborough Preserve (CL1), and Jay
B. Starkey Wilderness Park (CL3) located north of the city. These locations were selected because they
are large and comparably far from urbanized zones. This study focuses on measuring hazardous air
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pollutants (HAPs) in Spanish moss samples, also called toxic air pollutants. Specifically, the metals Ti, Cr,
Mn, Co, Ni, Cd, Hg, Pb, As, and Sb are my metals of interest. HAPS are harmful air pollutants. The Clean
Air Act (CAA) authorized the U.S. Environmental Protection Agency (EPA) to regulate HAPS (Hazardous
air pollutants, 2017). The EPA regulates 187 toxic air pollutants in their list (list can be found in EPA
website, link: https://www.epa.gov/haps/initial-list-hazardous-air-pollutants-modifications). These
pollutants are known to have serious negative effects on public health and cause various illnesses, such
as cancers, birth defects, respiratory diseases, immune system damage and other serious health
implications (Hazardous air pollutants, 2017).
2.4.2 Data
Air pollution data were obtained from Spanish moss by collecting samples and analyzing them in
the lab. Spanish moss samples were collected within two days during the dry season (after five days with
no rain, March 31 and April 1, 2019). Data of pollution point sources were those emission facilities that
are listed under the National Emissions Inventory (NEI) for criteria pollutants (CAPs) and obtained from
the EPA website (Air Emissions Inventories, 2017). The data for conservation lands around Tampa were
retrieved from the Florida Natural Areas Inventory website (Florida Conservation Lands, 2019). The base
map of Florida and highway road data were obtained from the Florida Department of Transportation
website (Transportation Data and Analytics Office, 2019).
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Figure 2.1 Three potentially polluted (red stars) and three conservation land sites (black stars) in Tampa
and its surrounding area. (P1 = polluted area 1, P2 = polluted area 2, P3 = polluted area 3, CL1 =
conservation land 1, CL2 = conservation land
Table 2.1. Secondary data: Conservation lands, National Emission Inventory facilities, and major roads.
Data

Description

Source

Conservation land
(2019)
NEI (2017)

Conservation lands GIS shapefile

Florida Natural Areas Inventory

National Emissions Inventory
data (locations)

United States Environmental
Protection Agency

Road data (2019)

Federal-aid highways system

Florida Department of Transportation
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2.4.3 Sampling
The samples were collected at six sites, as shown in Figure 2.1, which consisted of both
potentially polluted and less polluted areas (conservation lands) to examine Spanish moss’s ability to
determine variations in air pollution concentrations. To select polluted areas within Tampa, major
emission facilities from the NEI were targeted. The data on emission facilities (from 2017) were obtained
from the EPA website (Air Emissions Inventories, 2017). Major emission facilities are those facilities that
emit high amounts of pollution according to the EPA classification. Three sampling sites were selected
near three major emission facilities within a buffer of a 5-km radius around the emission facility. Five
kilometers was chosen to represent a reasonable distance for the effect of emission facilities’
smokestacks. Also, previous studies, such as Figueiredo et al. (2004), reported that high concentrations
of pollutants in Spanish moss samples were explained by industrial facilities that were located 5 km
away from the sampling site. Within the buffers of each emission facility, one sampling site was selected
at the highest pollution concentration based on a recently produced air pollution map of the area (Yu &
Stuart, 2013). Site P1 is very close to the McKay Bay trash incinerator (one street away), and Figure 2.1
shows that it is surrounded by other major emission facilities. Sites P2 and P3 are farther away from
major emission facilities (around 3 km), but site P3 has only one facility that is close to it, so this might
have a major effect on it. Following previous studies (e.g., Figueiredo et al., 2007; Pereira et al., 2007),
the three potentially less-polluted sites (CL1, CL2, CL3) are in conservation lands around Tampa.
Although the air all over the world is contaminated to a certain degree, these studies assumed that the
least-contaminated samples can be found in conservation lands that are far away from human activities
and pollution sources such as roads and industrial sites. In each of the six sampling sites, three samples
were collected from one tree to examine the variation (standard deviation) in concentration within a
single location. This gives a total of 18 samples—nine in polluted (hot-spot) areas and nine in
nonpolluted (cold-spot) areas. Sites P2, CL1, and CL2 each lost one sample due to a laboratory analysis
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issue (ran out of the sample’s powder and a high relative standard deviation (RSD%) from raw data was
obtained from the instrument). Thus, only 15 samples were used in further statistical analysis.
2.4.4 Sampling protocol
As Martinez-Resendiz et al. (2015) stated, there is no standard approach to collecting biological
samples for air pollution measurement purposes; however, there are some common protocols for
collecting homogenized samples that are being used in the literature. To collect samples, plastic gloves
were used to avoid contamination. Following previous studies (e.g., Figueiredo et al., 2007; Isaac-Olive
et al., 2012; Husk et al., 2004; Pellegrini et al., 2014), the samples were collected at altitudes between
1.5 and 3 m above the ground to avoid contact with and contamination from the soil. Only the lower 20cm portions of the Spanish moss plants were selected (picked by hands), which was consistent with
Pellegrini et al. (2014), to ensure young and homogeneous samples. Samples were sealed in paper bags
(Occelli et al., 2016), labeled, and transported to the lab on the same day of collection.
2.4.5 Sample’s lab preparation
Samples should be processed as soon as possible after collection to avoid remobilization of
metals (Fernandez et al., 2015). The samples were immediately transferred to the lab in sealed paper
bags. In the lab, the samples were cleaned manually, and live tissues were put into 4–6-g samples so
that they were ready for further processing. To make sure that particles in the exterior part of the plant
were not lost, the samples were not washed. Before the grinding process, the samples were dried in an
oven for two days at a low temperature (45°C), as recommended by Fernandez et al. (2015), who
reviewed biomonitoring protocols of atmospheric deposition. The plant tissues were inserted into
microcentrifuge tubes, which were then put in a grinder machine, RETSCH MM 400 Mixer Mill with
stainless steel beads, to obtain a fine powder.
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Figure 2.2. Procedures: sample collection, laboratory preparation, and metal analysis.

2.4.6 Metals analysis
The metals of interest in Spanish moss samples in this study were Ti, Cr, Mn, Co, Ni, Cd, Hg, Pb,
As, and Sb. A wet digestion procedure was performed to transfer plant tissue into solution form. The
digestion method was taken and modified from the study by Binder et al. (2018), which used a
technique to digest organic material. In terms of acid mixture, this digestion method is similar to many
previous studies (e.g., Cardoso-Gustavson et al., 2015; Carreras & Pignata, 2002; Goix et al., 2013; Paoli
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et al., 2012; Pellegrini et al., 2014; Pignata et al., 2002). The digestion method involves a mixture of nitric
acid (HNO3), hydrogen peroxide acid (H2O2), and hydrochloric acid (HCl). The final solution was not
completely clear, so I filtered it before putting it in the instrument for measurement. To determine
metal concentrations in Spanish moss samples, an ICP-MS instrument was used to express
concentrations in µg/L that was then converted to µg/g. To check the precision and accuracy of the
instrument, two standard reference materials (SRMs) were used: spinach leaves (1570a) and apple
leaves (1515), which were obtained from the National Institute of Standards and Technology (NIST)
(Standard Reference Material, 2019). These two SRMs were selected because they contain all the metals
of interest in this study, except for Ti, and they were the most frequently used reference materials in
previous studies (e.g., Amato-Lourenco et al., 2016; Figueiredo et al., 2007; Martinez-Carrillo et al.,
2010). Previous studies used microwaves for heating because Spanish moss is hard to digest and
requires a high temperature and pressure to be fully digested. In this study, several digestion
experiments were conducted using a simple heating plate and sealed Teflon vessels capable of obtaining
pressure up to 7 bar (Savillex Corp). Below is the final digestion method that was adopted.
DAY #1 -

Weigh tissue (100 mg) in Teflon tubes

DAY #2 -

Add HNO3 (5 ml)
-

Heat for 3 hours (175°C) on heating plate

-

Remove from heating plate and let cool for 30 minutes

-

Add H2O2 (2 ml) and seal vessel

-

Heat for 2 hours (175°C)

-

Lower the temperature to 75°C and leave it on heating plate overnight

DAY #3 -

Open vessel and leave it overnight on heating plate at 75°C until visual full dryness

DAY #4 -

Add HCl (2 ml) and seal vessel
-

Heat to temperature of 75°C and leave it on heating plate overnight
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DAY #5 -

Open vessel and leave it overnight until full dryness at 75°C

DAY #6 -

Dilute to 10 ml solution (5% HNO3 solution)

2.4.7 Quality assurance
Analytical quality was checked to make sure that the results from the laboratory analysis were
accurate, precise, and consistent. Two types of accuracy were checked: instrument accuracy and
method accuracy. Instrument accuracy is how much or how accurate the instrument can read or recover
from a known concentration solution. This was done by examining what is called the quality control (QC)
solution. The QC solution was prepared in the laboratory that contained all my metals of interest (20
ppm). The QC solution was run three times between samples. The recover error percentage was
calculated for each metal individually. Instrument accuracy had an average error of 7.3% for the group
of metals (Ti<6%, Cr<10%, Mn<8%, Co<10%, Ni<11%, As<3%, Cd<6%, Sb<5%, Hg<7%, and Pb<7%). It is
comparably good based on previous studies that showed accuracy with errors of less than 7% (IsaacOlive et al., 2012) and 5% (Figueiredo et al., 2007).
To examine method accuracy, the instrument concentrations obtained from the Standard
Reference Materials (SRMs)—apple leaves (NIST SRM 1515) and spinach leaves (NIST SRM 1570a)—were
checked. The SRMs are known concentration standards, and they were obtained from NIST. This
standard solution is different from the QC solution because this standard solution goes through the
same processes as my samples (i.e., oven heating and digestion). Also, this standard solution has a
similar material to my samples since the organic materials come from plants. The idea is that the
instrument should recover a similar concentration from the SRMs for each metal. However, nothing is
ideal in reality. The error% of recovery for each metal obtained from both SRMs together was Cr<-104%;
Mn<39%; Co<35%; Hg<121%; Pb<435%; As<123%; and Sb<58%), as shown in Table 2.2. The high error%
for metals in general in the SRMs was expected because the concentrations in the SRMs were very low
compared to the study samples. Low concentrations in a solution (SRM) can be affected significantly by
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any small change that occurs through the digestion process, but high concentrations in a solution (my
samples) will not be affected similarly with the same change. Still, the error could also come from the
non-fully digested powder of the SRMs in the digestion process, where I filtered the solution before it
was run through the ICP-MS instrument (hydrofluoric acid was used in the next chapter for better
digestion). The precision of my data is below 11% RSD for all the elements of interest except for Hg,
which had an RSD<33% (the other elements were measured as follows: Ti<4%, Cr<4%, Mn<3%, Co<4%,
Ni<3%, Cd<8%, Pb<4%, As<11%, and Sb<4%). Every single sample was measured as a triplicate using the
ICP-MS instrument. Each replicate of the sample was scanned twenty times to get an average reading.
The RSD shows how precise the values of each replicates for each sample. Previous similar studies
reported a precision of RSD<15% (e.g., Martinez-Carrillo et al., 2010; Figueiredo et al., 2004; Figueiredo
et al., 2007) and RSD<9% (Isaac-Olive et al., 2012). The average precision of all metals of interest in this
study is 5%. This indicated that the precision of data in this study was within an acceptable range
compared with previous studies that examined Spanish moss.
2.4.8 Statistical analysis
This project aimed to determine whether Spanish moss can be used as a bioindicator and is a
good method for characterizing ambient concentrations of certain metals (Ti, Cr, Mn, Co, Ni, Cd, Hg, Pb,
As, and Sb) in the city of Tampa, Florida. This was done by comparing samples collected from sites that
are potentially polluted and from conservation lands that are much less polluted. Total road length
around the sampling sites and distance to the nearest pollution point sources were also examined. First,
the Mann-Whitney U test was used to examine the differences in concentrations between polluted and
conservation land sites. The Mann-Whitney U test is an alternative statistical test to the T-test for
nonrandomly distributed data (because in my case, data were not normally distributed). Second,
Spearman’s correlation was performed to examine the correlation between metals concentrations and
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Table 2.1. Average statistics of standard reference materials (SRM): concentrations (ug/g) measured in ICP-MS, relative standard deviation
of these measured concentrations, known concentrations values for the SRM (NIST 1570a and NIST 1515), and average errors %.
SRM
Metals
Cr
Mn
Co
Ni
As
Cd
Sb
Hg
Pb

NIST 1570a
Concentrations ug/g
0.90
46.02
0.25
1.18
-0.02
2.07
0.30
-0.01
-0.67

RSD%
14.69
10.39
9.36
9.82
-27.28
10.56
12.52
-113.32
-5.73

Known conc.(ug/g)
76.00
0.39
2.14
0.07
2.88
0.03
0.20

NIST 1515
Error% Concentrations ug/g
0.61
39.45
38.33
35.21
0.07
44.77
0.73
123.97 0.43
28.17
0.01
0.01
121.90 0.00
435.55 0.25
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RSD%
24.56
33.55
46.39
32.90
37.69
60.05
179.78
371.36
183.67

Known conc.(ug/g)
0.30
54.10
0.09
0.94

Error%
-104.4
29.15
25.96
21.89

0.01
0.01
0.04
0.47

1.27
58.88
92.57
45.85

the two independent variables total road length within 5-km buffer radius and distance to the nearest
pollution point source.
2.5 Results
Table 2.3 shows the results and mean concentrations (µg/g dry weight) of all the metals of
interest obtained in the Spanish moss plants at all six sites, except for mercury, which was below the
detection limit. Each site consists of three samples that were collected from one tree. The first three
sites (P1, P2, and P3) were in a potentially polluted area within the Tampa boundaries, while the other
locations were potentially less polluted (CL1, CL2, and CL3) in conservation lands outside Tampa and the
urban area. Total road length, number of pollution point sources, and distance of the sampling site from
the nearest pollution point source were calculated within a buffer with a 5-km radius, as shown in Table
2.4. Mercury (Hg) concentrations were below the limit of detection (i.e. the concentrations were so low
that the ICP-MS could not detect them) so were not reported in the results. Samples in locations CL1
and CL2 showed no concentrations for Pb, which was expected because these sites were in a less
polluted area—conservation lands.
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Table 2.2. Mean concentration µg/g (Standard deviation) of 3 Spanish moss samples collected at potentially polluted and at
conservation land sites.
Site Ti

Cr

Mn

Co

Ni

As

Cd

Sb

Pb

P1

16.65(2.15) 42.18(0.62)

14.59(1.15)

0.55(0.04) 24.04(0.89)

0.81(0.19) 0.78(0.08) 1.27(0.13) 2.56(0.56)

P2

10.19(0.83) 38.31(1.54)

22.23(3.72)

0.58(0.03) 22.83(0.92)

0.34(0.03) 0.16(0.02) 0.53(0.02) 2.03(0.24)

P3

7.21(7.21)

34.34(9.4)

15.66 (1.15)

0.44(0.08) 18.52(3.51)

0.27(0.05) 0.05(0)

CL1

2.29(3)

29.81(28.52) 31.48(20.1)

CL2

3.35(1.67)

11.06(2.34)

CL3

3.75(1.67)

20.54(10.15) 20.19(2.8)

0.32(0.08) 0.66(0.62)

0.42(0.17) 17.01(15.31) 0.43(0.12) 0.02(0.01) 0.06(0.02) N/A

38.27(10.16) 0.23(0)

6.73(1.46)

0.29(0.07) 11.99(5.75)

0.10(0.02) 0.06(0)

0.07(0)

N/A

0.10(0.08) 0.03(0)

0.16(0.01) 0.12(0.37)

Detection limit (ppm): Ti = 0.11; Cr = 0.03; Mn = 0.008; Co = 0.018; Ni = 0.013; As = 0.016; Cd=0.001; Sb = 0.003; and Pb = 0.016.
N/A = below detection limit.
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Table 2.4. Distance from sampling sites to nearest major point pollution source (CAPs), number of
pollution point sources and total road length within a buffer (buffer radius = 5 Km).
Site
P1
P2
P3
CL1
CL2
CL3

Distance to nearest
point source (Km)
0.156
3.352
3.761
21.514
9.529
14.527

number of
point sources
5
2
1
0
0
0

Total road length
(Km)
301.3
218.7
89.5
1.8
39.5
17.5

Figure 2.3 shows the concentrations of the metals of interest and the mean concentration of
three samples at each site. In general, the results showed that the polluted sites (P1, P2, and P3) had
higher mean concentrations in Spanish moss plants than the conservation land sites (CL1, CL2, and CL3).
Only manganese showed lower mean concentrations in the polluted sites than at the conservation land
sites. The mean concentration in plant of arsenic (As) at site CL1 was higher than at polluted sites P2 and
P3. Still, the Mann-Whitney U test showed a higher mean concentration of As at polluted sites than at
conservation land sites, as shown in Table 2.5. Furthermore, Cd metal concentrations showed a higher
mean concentration at site CL2 than at site P3, but the Mann-Whitney U test showed higher mean
concentrations of Cd at polluted sites than at conservation land sites in general
In Table 2.5, the Mann-Whitney U test indicated that there are significant differences between
polluted and conservation land sites, with significant differences in all nine metals. The mean rank
indicates that concentrations in Ti (11.13), Cr (10.38), Co (10.88), Ni (10.88), Cd (11.25), Pb (11.38), As
(10.38) and Sb (11.5) have higher concentrations in polluted sites than in conservation land sites. For
Mn, the conservation land sites showed a higher mean (11.14) than at the polluted sites (5.25).
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Figure 2.3. Concentrations (µg/g) of 9 metals obtained in Spanish moss plants at the six sites. Three
samples in each site. The polluted sites (P1, P2, and P3) are indicated by squares, and the conservation
land sites (CL1, CL2, and CL3) by circles. The mean concentrations of the three readings are shown in X.

33

Table 2.5. Differences in metal concentrations between polluted and conservation land sites using the
Mann–Whitney U test. Higher rank indicates higher concentration of pollution.
Metals
Ti

Site types
Mean Rank
Polluted
11.13
Conservation
4.43
Cr
Polluted
10.38
Conservation
5.29
Mn
Polluted
5.25
Conservation
11.14
Co
Polluted
10.88
Conservation
4.71
Ni
Polluted
10.38
Conservation
5.29
Cd
Polluted
11.25
Conservation
4.29
Pb
Polluted
11.38
Conservation
4.14
As
Polluted
10.38
Conservation
5.29
Sb
Polluted
11.5
Conservation
4
*P < 0.05; **P < 0.01; ***P < 0.001.

Sum of Ranks
89
31
83
37
42
78
87
33
83
37
90
30
91
29
83
37
92
28

U
3

Z
-2.893

P
0.002**

9

-2.199

0.029*

6

-2.546

0.009**

5

-2.662

0.006**

9

-2.199

0.029*

2

-3.009

0.001**

1

-3.125

0.001**

9

-2.199

0.029*

0

-3.24

0.000***

The graphs in Figure 2.4 show the mean concentrations of all the metals of interest and their
relations to the total road length calculated within a 5-km-radius buffer around each sampling site.
There is a general positive relationship between the two variables. The longer the total road length, the
higher the concentrations in Spanish moss plants. As shown in Table 2.6, Spearman’s correlation shows
a very strong positive association between total road length and metal concentration: titanium (P <
0.01), chromium (P<0.05), nickel (P<0.05), cadmium (P< 0.01), lead (P< 0.01) and antimony (P<0.01).
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Figure 2.4. Mean concentrations (µg/g) of 3 readings obtained in Spanish moss in the 6 sites and its
relation to total road length within a 5 km radius circle buffer.
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Table 2.6. Spearman's coefficients of the relationships between metals concentrations (µg/g) and total
road length within a 5 km buffer radius and the distance (km) to the closest pollution point source.
Impact of nearby
Metals
total road length
Coefficients
Ti
0.943**
Cr
0.771
Mn
-0.6
Co
0.714
Ni
0.771
Cd
0.943**
Pb
0.943**
As
0.429
Sb
0.943**
*P<0.05; **P<0.01. Cr (P=0.07), Ni (P=0.07).

Impact of distance
to point source
Coefficients
-0.943**
-0.771
0.6
-0.714
-0.771
-0.943**
-0.943**
-0.429
-0.943**

The graphs in Figure 2.5 show the relationships between the mean concentrations obtained
from the Spanish moss plant and the distance to the nearest pollution point source. The correlations
between both variables (total road length and distance to point source) have similar values. This might
be because every three samples have the same values in these two variables (every three samples were
collected at the same site). There is a general negative correlation between the distance to the nearest
pollution point source and the mean concentrations in Spanish moss. As shown in Table 2.6, Spearman’s
correlation shows a very strong negative association between distance to nearest pollution point source
and metals mean concentrations: titanium (P < 0.01), cadmium (P< 0.01), lead (P< 0.01) and antimony
(P<0.01). Moreover, there is a substantial negative association in distance to nearest pollution point
source with Cr and Ni metals concentrations, but it is not significant (P = 0.07 for both).
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Figure 2.5. Distance between a sampling site to the nearest pollution point source and its relation to
mean concentrations (µg/g) obtained in 3 Spanish moss samples.
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2.6 Discussion
The results revealed that, in general, the metals concentrations in Spanish moss plants collected
at the polluted sites (P1, P2, and P3) were higher than the metals concentrations in plants collected at
the conservation land sites (CL1, CL2, and CL3). It was expected to see high concentrations of air
pollutants in Spanish moss at polluted sites and lower concentrations at conservation land sites since
the targeted polluted sites are surrounded by pollution point sources (such as trash incinerators and
power plants) and roads, which are the main sources for air pollution in the study area. However, eight
of the ten metals (Ti, Pb, Cr, Co, As, Ni, Cd, and Sb) met this expectation, but Mn did not (while Hg was
below the limit of detection). The unpolluted sites were far from pollution point sources and roads,
which was why the metals concentrations in Spanish moss samples at the unpolluted sites were lower
than those at the polluted sites.
Examining the sites and different metal pollutants more closely, I can see some variations. For
example, site CL1 had relatively high concentrations of As, perhaps because of some other pollution
sources such as camping activities (e.g., vehicles, cooking, burning wood, tobacco smoke etc.), which are
common and were noticed when collecting the samples in that conservation site. Also, the mean
concentration of Cd at CL2 was slightly higher (0.06 µg/g) than at site P3 (0.05 µg/g). Metal emission
sources are numerous, and it is sometimes difficult to ascertain from exactly where the air pollutants
are emitted (Taiwo et al., 2014). In general, the results of this research agree with those of previous
studies (e.g., Cardoso-Gustavson et al., 2015; Figueiredo et al., 2007; Isaac-Olive et al., 2012; Pellegrini et
al., 2014; Vianna et al., 2010) that showed the ability of the Spanish moss plant to detect variation in air
pollution concentrations.
It is known that roads are one of the main sources of different types of air pollutants in urban
areas (Nyberg et al., 2000). The results show that there is a positive relationship between the mean
concentrations of pollutants in Spanish moss plants and the total road length calculated around the
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sampling sites (buffer radius=5 km). I expected to find such a correlation due to the effect of roads on air
pollution at these polluted sites. Site P1 had the highest mean concentrations for all the metals of
interest except Mn, and it also had the largest total road length (301 km) within its buffer. The second
and third highest mean concentrations were found at sites P2 and P3, with a total road length of 218
and 89 km, respectively. There was a clear difference in concentrations between polluted and
conservation land sites regarding their correlations with total road length. However, there was no big
variation in concentrations and total road length when comparing the conservation land sites (CL1, CL2,
and CL3) to each other. This was not surprising, because roads have no major effects on the sites due to
their longer distance from the sites and the small total length of the roads around these sites. Thus,
roads, as one of the main air pollution sources, could be the reason behind the low and high
concentrations of pollutants in Spanish moss samples in my study. These results support previous
studies that related the high concentrations of metals such as Zn, Pb, Ca, Cu, V, As, Sb, and Ba in Spanish
moss to traffic (Figueiredo et al., 2001; Figueiredo et al., 2007; Harmens et al., 2010; Loppi et al., 2004;
Schrimpff, 1983; Wannaz et al., 2006).
Pollution point sources are one of the main air pollution sources. The distance to a source and
the number of sources in the region could have a noticeable impact on increasing or decreasing
pollutant concentrations in the air. In my results, I expected to see a positive correlation between these
two variables and mean concentrations for all the metals of interest, except Mn. Samples in site P1 had
the highest concentrations, and the pollution point sources surrounding that site could be the main
reason behind these high concentrations—five pollution point sources fall within the site’s buffer (5 km
radius). Samples in sites CL1, CL2, and CL3 have no pollution point sources within their buffers and had
the lowest concentrations. Therefore, pollution point sources in Tampa might be the reason behind the
high and low concentrations in my samples. This agrees with previous studies that found high
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concentrations of the metals Al, As, Cr, Zn, Co, Cu, Fe, Mn, and S close to pollution point sources such as
industrial sites (Carreras & Pignata, 2002; Figueiredo et al., 2007; Harmens et al., 2010).
The Hg concentrations in the Spanish moss samples were below the limit of detection. The low
concentrations of Hg can be explained by two main factors: 1) pollutant uptake of Spanish moss, and 2)
high Hg volatility (evaporation at a low temperature).
The low concentration of Hg in Spanish moss may be due to the pollutant uptake of the plant
itself. This study suggested that Spanish moss was prone to losing Hg because of the plant’s uptake
mechanism of this pollutant. From the literature and Shahid’s (2016) findings, there is a lack of research
on the uptake of air pollutants by Spanish moss. Still, previous studies, such as Filho et al. (2002),
examined the accumulation and localization of Hg in the different parts of Spanish moss and found that
the plant mostly stores Hg in its outer parts (scales, stems, and leaf surfaces) rather than absorbing it
like other metals, as nothing was found in the inner tissues and a very low concentration was found in
the epidermal cell layer. This is due to the inability of Hg to translocate within the plant’s tissues along
the longitudinal axis of the plant (Filho et al., 2002). Thus, accumulation of Hg on the outer tissue could
make the plant prone to Hg loss during sample preparation, which requires cleaning the plant manually
and removing dust and any unwanted materials. Also, since I collected data during the rainy season, the
rain could have washed out the particulates captured on the plant’s surface, for which previous studies
(e.g., Pellegrini et al., 2014) proved that concentrations of metals decreased when samples are washed.
The high volatility of Hg might be another reason, if not the main reason, why I had very low
concentrations of Hg in my results (below the detection limit). A volatile substance is prone to
evaporation at a low temperature. My digestion method might not be suitable for such a volatile
pollutant, and that might have caused a major loss and distortion of Hg metal stored in Spanish moss. A
review article that examined bioindicator protocols suggested that when dealing with Hg, the
temperature during the drying process should not exceed 40°C (Fernandez et al., 2015). In my case, I
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were forced to dry samples during the digestion procedure at 75°C because some equipment, such as a
microwave (a microwave provides the required heat and pressure to dissolve the plant), was not
available in our lab. Instead of a microwave, I used a simple cooking heating plate with Teflon tubes as
vessels. Thus, knowing that Hg is prone to volatilization, this high-heat drying process (75°C) could have
been the main reason behind the low Hg concentration in my data.
The Mn concentrations were the opposite of what I expected: high mean concentrations at
conservation land sites and low mean concentrations at polluted sites. This means that there is a Mn
pollution source in the conservation lands where the samples were collected. It is known that
manganese is an essential nutrient for plants (Richardson, 2017). Previous studies, such as Kraepiel
(2015), found that the forest floor is enriched with manganese due to the litterfall and throughfall of
leaves. Wind and weather could pick up pollutants from the soil that are then captured and
accumulated by Spanish moss. Thus, it is expected to find concentrations of Mn in samples collected in
conservation land sites.
Like any other study, this one has advantages and limitations. First, the concentrations of metals
represent what is in the plant itself and do not give an exact reading of the pollutant concentrations in
the air as traditional methods do, unless the plant concentrations are calibrated with traditional air
measurement readings. Thus, these results might not be comparable to those of traditional methods
that use air pollution measurement instruments such as those in monitoring stations. Second, relying on
a biological indicator to measure air pollution lacks a standard method (in terms of sampling, sample
preparation, digestion method, etc.). Although previous research has shown some procedures, there is
still no standardized method, which makes it, at some levels, tough to compare the results with each
other. Third, it is difficult to determine the exposure time of the plant because the age of Spanish moss
plants cannot be easily ascertained. Researchers usually select similar parts in all samples to achieve
homogeneity. Fourth, there is a lack of scientific research on the interaction between air and epiphytic
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plants. For example, Shahid (2016) stated that the literature lacks research that examines and
understands the air pollutant uptake by plant leaves. Moreover, in the literature, there is also no
understanding of the accumulation of different pollutants in different parts of the plant. To conclude,
bioindicator studies have many variables that could distort the final results. These variables (such as
plant leaf mechanism and uptake, pollutant properties, air pollution variation factors, lab analytical
methods, etc.) require a fair amount of consideration by specialists and experts in their fields.
Despite the issues raised above, this dissertation showed that Spanish moss is an excellent metal
air pollution bioindicator. It showed variation between potentially polluted sites and conservation land
sites that are less polluted. This study examined the sampling methods of previous bioindicator studies
and tried to propose a potential standardized passive sampling methodology to collect Spanish moss.
The results showed that passive sampling with this species is applicable. Passive sampling method is not
a common method in bioindicator studies in general, and in Spanish moss studies in particular. This
study could help future studies develop a more robust passive sampling method. A comparative study
between active and passive sampling using Spanish moss is needed in future studies to better
understand the difference between the two methods. Biomonitoring aspects recommended in this
dissertation (e.g., altitude from ground, parts of plant selected, not washing the samples, etc.) are based
on the scientific basis of previous studies’ experiments. This study highlights the importance of not
ignoring any of these aspects to achieve consistent results when the same samples are analyzed over
and over. More research is needed to develop a more comprehensive and coherent sampling
methodology for biomonitoring in general, and for Spanish moss in particular. This dissertation focuses
on developing a digestion method that is suitable specifically for Spanish moss. The developed method
produced almost complete digestion with the use of a simple heating plate. As stated in previous studies
(e.g., Martinez-Resendiz et al., 2015), Spanish moss is hard to digest. Future studies are needed to
develop this digestion method, and this will be done by: (1) using better tools, such as a microwave for
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heating; (2) avoiding the use of HF acid since it is very hazardous; and (3) ensuring the complete
digestion of the plant.
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CHAPTER 3: TREE COVER AS AIR POLLUTION REMOVAL
3.1 Introduction
Vegetation cover, or urban green space, plays an important role in enhancing the general quality
of city life (Selmi et al., 2016) and is widely accepted as enhancing air quality (Setala et al., 2013).
Vegetation cover can enhance air quality in direct and indirect ways (Mcpherson et al., 1994).
Vegetation directly enhances air quality by deposition (accumulation of air pollutant particles on plant
surfaces) and dispersion (dilution with air) of air pollutants (Janhall, 2015). Most studies focus on
examining the deposition process more than dispersion (Janhall, 2015). Vegetation cover plays a crucial
role in reducing pollution by absorbing gaseous and particles from the atmosphere (Kampa & Castanas,
2008; Wolch et al., 2014). Some air pollutants like particulate matter are trapped on plant surfaces,
while others such as gases and very fine (PM) are absorbed and either transformed into acids or interact
with the inner-leaf surface (Kampa & Castanas, 2008; Shahid et al., 2017). Particles that are intercepted
by plants either fall on the ground with the leaves or are washed off by the rain (Kampa & Castanas,
2008). Vegetation can indirectly enhance air quality by reducing the temperature (Kampa & Castanas,
2008; Nowak et al., 1998) which enhances air quality because the emission of volatile organic
compounds (VOC) is correlated with high temperatures (Nowak et al., 1998). Furthermore, because tree
cover provides shade for nearby buildings, the emission of pollutants is reduced because less energy is
used to cool the buildings (Yang, 2004).
However, we cannot ignore the fact that vegetation cover is also an air pollution source.
Vegetation cover emits a variety of air pollutants, most commonly pollen, PM, biogenic volatile organic
compound (BVOC), terpenes, hydrocarbons, turbines, and ethane (Vallero, 2014). The emission of BVOC
increases in some species with temperature increase (Tiwary & Colls, 2009). Vegetation cover also
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contributes to the formation of O3 due to the interaction between BVOC and nitrogen oxide (NOx)
(Yang, 2004). So, we understand from this, and as Smith (1981) stated, vegetation cover is both a sink
and a source of air pollution. This dissertation conducts a quantification experiment to determine the
impact of vegetation cover on concentrations of metal air pollutants.
3.2 Literature review
3.2.1 Vegetation mapping
Continuous and rapid growth in remote sensing technology in the last few decades has
produced a variety of collection methods, processing techniques, and imagery sources for mapping
vegetation (Ballanti et al., 2016; Lawrence et al., 2005; Naidoo et al., 2012; Xie et al., 2008). The
development of remote sensing has also gone in the other direction, to distinguish vegetation not only
at the community scale, but also at the species scale with hyperspectral sensors such as AVIRIS and
Hyperion. Hyperspectral sensors have recently gained a lot of interest because of their ability to collect
detailed data in narrow, contiguous spectral bands with smaller than 10 nm bandwidth (Thenkabail et
al., 2011). This will allow the collection of continuous spectral data to create more accurate spatial
mapping for vegetation (Kruse, 2002).
Extracting vegetation from satellite images, or what is called the classification process, is a
widely discussed and investigated topic (Ballanti et al., 2016; Lawrence et al., 2005; Naidoo et al., 2012;
Rashmi et al., 2014; Wang & Weng, 2013). Traditional and very commonly used classification methods
are unsupervised classification (e.g., ISODATA) and supervised classification (e.g., maximum likelihood
classification). Developing classification methods and algorithms is an attractive topic for scientists.
There are many vegetation mapping studies that have used various types of advanced classification
methods and algorithms to enhance classification accuracy, among which are support vector machines,
random forest, non-parametric classification methods (Ballanti et al., 2016; Lawrence et al., 2005;
Naidoo et al., 2012), and spectral angle mappers (SAM), which are very common machine learning
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classifiers in vegetation mapping applications (Rashmi et al., 2014; Wang & Weng, 2013). The variation
in sensors, processing, vegetation indices, and methods gives vegetation mapping a wide range of
applications and uses, so it is important that analysts select a method that is suitable for the purpose
and aim of their study.
3.2.2 Factors affecting process of vegetation-air-pollution-removal
It is known that the contribution of vegetation in decreasing air pollution is a complex process to
measure and estimate since there are many variables that may affect this process, such as vegetation
characteristics, size of airborne particles, gaseous chemical activity and solubility (Mcpherson et al.,
1994), canopy density, terrain, and meteorological conditions (Tiwary & Colls, 2009). Selmi et al. (2016)
stated that the rate of air pollutant removal depends on pollutant concentrations and the vegetation
cover in the area. Wind direction is also a factor that affects air pollution removal by vegetation cover.
Vegetation barriers between air pollution sources and people are known to be an excellent method to
change wind direction on a small scale and filter polluted air (Janhall, 2015). A study that examined
roadside trees as a barrier for air pollution found that air pollutant concentrations decrease dramatically
after the barrier (Tong et al., 2016). In the same study, the results revealed that pollutant concentrations
also decrease when the wind direction is parallel to roads. Thus, as the reduction of air pollutants is not
due to vegetation cover only, other factors should be assessed as well (e.g., wind direction in this case)
(Tong et al., 2016). Creating a diversity of vegetation types within cities is crucial to enhance the
performance of vegetation cover in removing air pollution, as Janhall (2015) stated. Also, the denser
(large cluster of trees) the vegetation cover and the closer it is to the pollution source, the better it is at
air filtration (Janhall, 2015; Tong et al., 2016). Consequently, a proper design maximizes the benefits of
urban vegetation as a tool for air pollution removal. This shows that calculating air pollution removed by
vegetation requires the examination of multiple variables, which makes it a complex study procedure.
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Still, studies showed that trees are an excellent sink for air pollutants such as particulate matter.
Vegetation characteristics can affect the process of air pollution removal too (Mcpherson et al., 1994).
Canopies of 5 meters in height and higher were found to be very effective in removing particles from the
atmosphere (Tiwary & Colls, 2009). The type of vegetation cover is also a factor that affects the amount
of particles captured by trees. Oak trees were found to resuspend 91% of particles after one hour from
their deposition on a tree compared to 10% resuspension in pine trees (Mcpherson et al., 1994). The
varied sizes and shapes of leaves cause trees to capture pollutants efficiently (Mcpherson et al., 1994;
Tiwary & Colls, 2009). Smaller and rough-surfaced leaves are more able to capture particles than large
and smooth-surfaced leaves (Mcpherson et al., 1994). Conifer tree species were found to be better in
this process than deciduous species in a study by Tallis et al. (2011), which modeled air pollution
deposition on tree cover using the Urban Forest Effects Model. Climate and weather changes also
impact the amount of mitigation of air pollutants by trees. For example, high temperatures and CO2
contribute to increasing the growth of foliage biomass. More foliage biomass typically enhance air
quality, but at the same time it contributes to the air pollution process because the emission of BVOC
increases in some species at high temperatures during the daytime (Tiwary & Colls, 2009). The results
from Setala et al. (2013) revealed that urban vegetation in the two study areas, Helsinki and Lahti in
Finland, has only a slight impact on air pollution removal. Setala et al. (2013) indicated that climate and
ecological conditions, or even the methodology applied, might be why their results did not support the
negative correlation between air pollution and urban vegetation cover.
3.2.3 Studies in calculating vegetation air-pollution removal
Several traditional air pollution mitigation methods and techniques have been used worldwide
to enhance air quality in urbanized areas. First, governments and agencies have been working on
enhancing dispersion of air pollutants. This can be achieved by increasing the height of smokestacks at
industrial sites or by reducing production. However, this solution may not be very effective because it
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affects production and consequently profit. Another approach is improving the production process; for
example, air pollution emission will be reduced when the fuel type is changed from coal to natural gas.
Moreover, industrial sites were required to reduce their air pollutant emissions by using end-of-pipe
control devices (Tiwary & Colls, 2009).
Besides the traditional approaches to mitigating air pollution, vegetation cover plays an
important role in air pollution mitigation (e.g., Cohen et al., 2014; Thiering et al., 2016; Tong et al.,
2016). Many studies have used different methodologies and approaches to examine the impact of urban
vegetation cover in reducing and mitigating air pollution within urban areas (e.g., Abhijith and Gokhale,
2015; Cohen et al., 2014; Setala et al., 2013; Tong et al., 2016; Yang, 2008). Some studies succeeded in
identifying a negative correlation between air pollution and vegetation cover, while a few failed due to
other factors that could impact this correlation (e.g., Setala et al., 2013). Most of the studies used
models to examine and test the effectiveness of vegetation cover in urban areas in removing or
enhancing air quality (e.g., Currie & Bass, 2008; Nowak et al., 2013; Nowak et al., 2014; Yang et al.,
2008). As researchers have stated in previous studies (Janhall, 2015; Stelala et al., 2013; Yin et al., 2011),
actual measurement and quantification experiments to examine the efficiency of vegetation in
enhancing air quality have rarely been done.
3.2.3.1 Air pollution variation in different land use types
Previous studies examined the role of vegetation in mitigating air pollution by looking at the
association between vegetation and air pollution concentrations in different land use types,
hypothesizing that air pollution concentrations will be lower in land uses that have more vegetation
cover. This method is used when the variation in air pollution among different land uses is commonly
known. In one study, the impact of green space on air pollution reduction was examined by taking
samples from three different land uses (public park, urban square, and street canyon) within the study
area to find the differences in the air pollutants NOx, O3, and PM10 among the three locations (Cohen
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et al., 2014). The results showed that parks are capable of removing a great amount of PM10 and NOx.
When measuring these two pollutants in street canyons and comparing them to concentrations in public
parks, it was found that the average concentrations in street air was 413 ppb and 80 ug/m3, while in the
parks the average concentrations were 89 ppb and 24 uG/m3 for both NOx and PM10, respectively. For
the O3 pollutant, the parks were found to have a higher concentration (94 ppb) than in street air (4 ppb)
(Cohen et al., 2014). Another study was conducted to examine air pollution removal by vegetation by
measuring PM, NO2, and SO2 at urban parks and in an urban area (Yin et al., 2011). Six urban parks were
selected in the study area. Samples were collected within the parks and 100 meters away from the park
to examine concentration variations. Wind direction was considered to ensure the wind flow moved
from the urban area to the public parks. The results showed that concentrations in all three pollutants
are lower in public parks. Vegetation cover improved the air quality of PM, NO2 and SO2 up to 35%, 21%
and 27%, respectively, with a seasonal concentration variation.
3.2.3.2 Vegetation as a barrier
Vegetation barriers, or so-called “porous barriers,” are one of the two passive barrier methods
of reducing air pollution. Passive barrier methods are the porous barrier (e.g., vegetation and trees) and
the solid barrier (e.g., wall and parked cars) (Gallagher et al., 2015). Studies showed that these are
promising methods to reduce air pollutants such as PM, CO, NOx, and VOCs. However, results vary
among studies due to the complexity of urban structures and meteorological conditions (Gallagher et
al., 2015). The effect of porous barriers in removing air pollutants (process of air pollutant deposition) is
influenced by the proximity to the pollution source and the density of the barrier. The closer the barrier
to the pollution source the more deposition there will be; also, the denser the barrier, the more
deposition on its surface (Janhall, 2015).
In a study conducted to design a vegetation barrier to mitigate traffic air pollution, the results
showed that vegetation along roadsides played an important role in reducing particulate pollutants
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(Tong et al., 2016). Two designs were tested in air pollution mitigation. The first design was a vegetation
barrier that had a high foliage surface area, while the second design consisted of a solid barrier (wall) in
combination with vegetation cover (trees). Both designs showed good potential in enhancing and
decreasing traffic PM pollutants (Tong et al., 2016). Another study considered the combination of
porous and solid barriers (Abhijith and Gokhale, 2015). The study examined parked cars as the solid
barrier as one scenario, and the second scenario was trees along streets, while the third scenario was a
combination of both methods. Sulphur hexafluoride gas was used to simulate traffic emission passing
the three barrier types. It was found that a combination of the two methods shows better results in air
pollution removal.
3.2.4 Atmospheric metal (particulate matter) removal by vegetation cover
Metals are categorized under trace element pollutants in the atmosphere. Trace elements are
one of the four types of pollutants of PM, which are anion, cation, carbon, and trace elements (Solomon
& Sioutas, 2008). The EPA divides particulate matter into two categories EPA based on their size. The
PM10 are those particles with a diameter smaller than or equal to 10 µm. These particles have negative
effects on public health, but fine particles have a more significant effect (Papaioannou, 2013). Fine
particulate matter PM2.5 have a diameter of 2.5 µm or less and have a negative effect on public health,
including mortality, accelerated atherosclerosis, pulmonary inflammation, and altered cardiac functions
(Nowak et al., 2013). The WHO established a guideline to several metals to better understand their
sources and health effects (Health risks of heavy metals from long-range transboundary air pollution,
2007). Sources of these fine particulates are usually from forest fires, smoke or fossil fuels, traffic, and
industrial sites (Papaioannou, 2013).
Studies that examined PM removal by vegetation cover showed that vegetation cover is capable
of filtering PM pollutants (e.g., Nowak et al., 2014; Papaioannou, 2013; Yang et al., 2008). As records
showed in 1991, vegetation cover removed 234 tons (economic value of $1 million) of particulate matter
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PM10 in Chicago, Illinois, U.S., 9.8 tons ($9.2 million) of PM10 every day in Cook and DuPage counties in
Illinois (Mcpherson et al., 1994), and 64.5 tons of PM2.5 in Atlanta, Georgia, U.S. (Nowak et al., 2013).
Vegetation cover captures atmospheric particles, and then these particles are washed by rainfall, fall to
the ground with dead leaves, are absorbed into plant tissue, or are re-suspended into the atmosphere.
Thus, vegetation cover is a temporary sink to capture many types of particles (Kampa & Castanas, 2008;
Mcpherson et al., 1994). However, different types of trace elements can be captured by vegetation
cover and stored there. It is known that metals can be absorbed through the outer layer of plant tissues’
‘cuticle’ (Nowak et al., 1994). Vegetation cover is known as a good filter for metals (Shahid et al., 2017).
Janhall (2015) added that particles that are 0.1 µm and below act like gaseous pollutants since they are
transported to the inner tissue of the plant by diffusion after they are intercepted by leaves, while larger
ones are deposited on the foliage surface (Shahid et al., 2017). So, PM is deposited on vegetation
surface as dry deposition. Dry deposition is usually measured as the amount of deposited material in a
unit area in a specific time.
There are many factors affecting the deposition rate, such as “aerodynamic roughness,
atmospheric stability, pollutant concentration, solar radiation, temperature, turbulence, wind velocity,
particle size, gaseous chemical activity and solubility, and vegetative surface characteristics” (Mcpherson
et al., 1994, p.65). Talking more specifically about PM, Shahid et al. (2017) mentioned the three
deposition mechanisms of foliage to atmospheric metals: physical, chemical, and biological. The physical
mechanisms determine how metals adsorb on foliage based on plants’ physical characteristics (e.g., leaf
shape and size), while the chemical and biological mechanisms determine how they penetrate deeper
into tissues (stomatal pores, an inner tissue of foliage) based on factors such as particle size and
solubility (Shahid et al., 2017).
To measure the removal of particular air pollutants by vegetation cover via the deposition
process, an equation is often used to calculate the following variables: the amount of vegetation cover
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in a unit area or using the Leaf Area Index (LAI), deposition velocity, pollutant concentration in air, and
time (Janhall, 2015). This dry deposition model is frequently used (Janhall, 2015). In a study by Yang et
al. (2008), the removal of PM10 and other pollutants by roof gardens was measured in Chicago. The
results of their study revealed that 1675 kg of pollution were removed by 19.8 ha of roof gardens in the
city, and 14% of the pollution was PM10. Another study used a similar equation to measure the removal
of PM2.5 pollutants by trees in different cities in the United States (Nowak et al., 2013). The parameters
were determined individually in each city (e.g., calculating tree cover, assigning air pollutant values from
a local monitoring station, etc.). The results showed a variation in pollutant removal among cities, from
4.7 to 64.5 tons, due to the difference in vegetation cover amounts. The same approach of this study
was conducted nationally in all urban areas at the county scale in the United States to measure the
annual removal of NO2, O3, SO2, and PM2.5 pollutants by tree cover (Nowak et al., 2014). The results
showed that the removal of all pollution was significant and contributed to the removal of 17 million
tons of pollutants. For PM2.5, a total of 696,000 tons was removed by tree cover, including 27,000 tons
from urban areas and 669,000 tons from rural areas. Researchers stated that 96% of the pollution
removal from trees in all pollutant types was from rural areas in this study. The states of California,
Texas and Georgia have the greatest pollution removal amount, while Florida, Pennsylvania and
California have the greatest pollution removal values.
To conclude, previous studies revealed the ability of urban vegetation cover to reduce air
pollution and enhance air quality. Estimating air pollution removal by vegetation cover is complex
because there are other factors that influence pollutant concentrations in the air, such as wind,
vegetation cover design, closeness to pollution sources, etc. These factors were taken into account in
models to estimate air pollutant removal by vegetation cover. Vegetation cover characteristics, such as
tree height, leaf shape, and vegetation density, are also factors that affect the magnitude of the air
pollution removal process.
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From the literature, it was found that criteria pollutants are the most common air pollutants
examined in such application. Previous studies have examined the role of vegetation in mitigating
pollutants such as CO, SO2, O3, NO2, VOC, and particulate matter (e.g., Cohen et al., 2014; Currie and
Bass, 2008; Nowak et al., 2006; Nowak et al., 2013; Selmi et al., 2016; Setala et al., 2013; Tong et al.,
2016; Yang et al., 2008; Yin et al., 2011). However, removal of atmospheric metals by vegetation cover
was rarely examined or introduced in these studies. This dissertation tries to address this gap by looking
at the association between tree cover percentage and air metal concentrations. Moreover, most of the
studies (e.g., Currie and Bass, 2008; Nowak et al., 1998; Nowak et al., 2006; Nowak et al., 2013; Selmi et
al., 2016; Yang et al., 2008) used models to examine and test the effectiveness of vegetation cover in
urban areas in removing or enhancing air quality. As researchers have stated in previous studies (Janhall,
2015; Stelala et al., 2013; Yin et al., 2011), actual measurement and quantification experiments to
examine the efficiency of vegetation in enhancing air quality have rarely been done. Yet, a few studies
that conducted experimental approaches (e.g., Setala et al., 2013; Yin et al., 2011) remain focusing on
the common and criteria pollutants (VOCs, SO2, NO2, PM etc.), while air metal pollutants were rarely
introduced, if not at all. This dissertation tries to address this gap by conducting an experimental
approach to quantitatively examine the association between tree cover percentage and air metal
concentrations.
3.3 Research question
Are the levels of metals air pollutants (Ti, Cr, Mn, Co, Ni, Cd, Hg, Pb, As, and Sb) detected by the
bioindicator lower in areas of Tampa with greater tree canopy cover? These pollutants have been
selected because they were found to have a negative effect on public health. Unlike criteria pollutants,
which have been examined extensively in vegetation air pollution removal studies (e.g., Nowak et al.,
2006; Selmi et al., 2016; Yang et al., 2008; Yin et al., 2011), hazardous pollutants are not very well
documented in research studies. However, a good number of them have been successfully measured
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with Spanish moss and other bioindicator species (e.g., Figueiredo et al., 2001; Figueiredo et al., 2007;
Harmens et al., 2010; Loppi et al., 2004; Schrimpff, 1983; Wannaz et al., 2006). The hypothesis states
that tree cover is an excellent form of metal air pollution removal and it decreases metal pollutant
concentrations in the air. It is known that vegetation enhances air quality in cities (Kampa & Castana,
2008; Nowak et al., 1998; Wolch et al., 2014). In this study, a quantitative examination was conducted
on concentrations of metals in Spanish moss and tree cover percentage in Tampa to see if there is any
significant correlation. Researchers have pointed out that high vegetation cover density (large treecover clusters) and closeness to pollution sources (e.g., streets and industry) can enhance filtration of air
pollution (Janhall, 2015; Tong et al., 2016). Other studies, such as that conducted by Setala et al. (2013),
found that vegetation did not contribute efficiently to air filtration, claiming that other factors (e.g.,
climate and wind direction) could affect the air pollution removal process. But these studies and many
others did not examine hazardous pollutants; rather, they focused on investigating criteria pollutants.
The hypothesis was tested by delineating buffers around sampling points to look at the association
between tree cover and individual sample locations.
3.4 Methods
3.4.1 Study area and scope
The study was conducted in Tampa, Florida (Figure 3.1), a U.S. city that hosts Spanish moss. The
climate of the study area is considered to be subtropical. The average temperature in the region is
around 22°C, and the city’s area is 285 km2. It is estimated that tree cover in Tampa is about 111.8 km2,
or about 32% of the total land area (Landry et al., 2018).
This study focuses on measuring some of the hazardous air pollutants (HAPs), also called toxic
air pollutants, in Spanish moss samples. Specifically, the metals Ti, Cr, Mn, Co, Ni, Cd, Hg, Pb, As, and Sb
are my metals of interest. The Clean Air Act (CAA) authorized the EPA to regulate HAPS. The EPA
regulates a total of 187 toxic air pollutants. These pollutants are known to have serious negative effects
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on public health and to cause various conditions such as cancer, birth defects, respiratory diseases,
immune system damage, and other serious health effects (Hazardous air pollutants, 2017).
3.4.2 Data
As primary data, air pollution concentrations were measured using Spanish moss as an air
pollution bioindicator. The plant has been identified as a potential indicator of air pollution in previous
studies (e.g., Carreras & Pignata, 2002; Figueiredo et al., 2004; Li et al., 2012; Schrimpff, 1983; Wannaz
et al., 2006). This species does not have a root system that absorbs water, but the whole plant is instead
covered with scales that absorb moisture from the atmosphere (Garth, 1964), which make it sensitive to
air pollution. Secondary data of this study are presented in Table 3.1. Urban tree cover data were
obtained from a previous study (Landry et al., 2018). The data are in a raster layer form with pixel size of
0.15 m. Data on major roads were obtained from the USGS National Transportation Dataset (USGS,
2019). The road types used in this study are controlled-access highways, secondary highways, major
connecting roads, local connecting roads, and ramps. A city of Tampa shapefile layer with block group
geographical unit was obtained from the American community survey census 2014-2018 (U.S. Census
Bureau, 2018).

Table 3.1. Secondary data: Census 2014-2018, tree cover, and major roads.
Data (year)
Census (2018)
Tree cover
Major roads
Tampa base map

Description
Census data at block group level.
Five years estimates (2014-2018).
Urban tree cover, Tampa, FL.
Major roads in Tampa, FL.
Tampa boundary
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Source
U.S. Census Bureau, 2018
Landry et al., 2018
USGS, 2019
Tampa boundary, 2019

Figure 3.1. Study area, the City of Tampa, and randomly selected block groups in Tampa, FL, USA.

3.4.3 Sampling
Sixty block groups were randomly selected to represent the number of block group samples in
the City of Tampa. Each block group was assigned a single pollution measurement (averaged from three
Spanish moss samples collected randomly in each block group) to be correlated with demographic data.
This number of block group samples represents 20% of the block groups in City of Tampa that could be
chosen in my study (out of 297 block groups). The Spanish moss sampling site density is 0.3
samples/km2 of total area in Tampa. Other similar environmental equity studies that used lichens
(Occelli et al., 2016) and tree barks (Gurgatz et al., 2016) had 0.2 and 0.02 samples/km2 density,
respectively. To randomly select block groups and Spanish moss sampling sites, several steps were
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applied: block group exclusion, block group classification, block group random selection, and sampling
site random selection within each block group unit.

Figure 3.2. Procedures: sample collection, laboratory preparation, and metal analysis

The block group exclusion process was done using ArcGIS software. The census data of Tampa
used in this study consisted of 376 block groups. Because Tampa’s boundaries do not exactly match the
block group boundaries, some of the block groups intersect with the city boundaries. This means that
portions of these block groups are inside the study area (Tampa), while some are outside. All block
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groups that extended outside of Tampa’s boundaries were excluded. Moreover, block groups with a
population under 500 were also excluded. What remained after block group exclusion were 297 block
groups. This step helps avoid inclusion of any block groups with low or no population, such as industrial
areas. Also, it helps avoid dealing with block groups that have missing data.
In this step, demographic data were also considered for the purpose of the environmental
equity study. The following step involves classifying block groups into strata. If only random block groups
were selected, without considering this step, there is a possibility that the randomly selected block
groups would not show variations in data (e.g., high-income, low-income, mid-income, high white
percentage, etc.). For example, randomly selected block groups might not reflect low-income
populations and might only show mid-income and high-income populations. The same thing could
happen with the other independent variables. To avoid this, I created strata combining three variables:
income, race, and tree cover percentage. As can be seen in Table 3.2, the race variable was divided into
two categories using the median percentage of the white, non-Hispanic population within block groups
(high and low percentages). Tree cover percentage also was divided into two categories (high and low
percentages) using the median. The income variable was divided into quartiles (high, mid, and low
income). The combination of these three variables resulted in the creation of 12 strata as shown in Table
3.2. Five randomly selected block groups were selected from each stratum to assure variation within my
data sample.
After block group classification, each block group was given a stratum name as shown in Table
3.2. Block group random selection (selection of five random blocks from each stratum) was performed in
Excel. Census data were imported into Excel, and each block group was given an ID (1, 2, 3, 4, 5, etc.).
The tool “RANDBETWEEN” was used to select five random block groups within each stratum. This was
done for each stratum separately. For example, five random block groups were selected from the
stratum “White-NH, high income, & high tree cover.” The same was done to the other 11 strata.
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Three Spanish moss samples were collected randomly in each of the 60 block groups and later
averaged to assign the value to the block group. Since the overall study (i.e., Chapter 4) examined
environmental equity related to where people live, the three samples were collected only in residential
zones in each block group to examine exposure of targeted population groups. To determine residential
zones, I used existing land use (ELU) 2018 data. In total, 180 Spanish moss samples were collected.
Sampling sites were randomly selected in residential areas within each block group using the tool
“Create Random Points” in the ArcGIS software. Samples were collected within a seven-day period
(October 29 to November 3, 2019) with help from 18 undergraduate student volunteers. All volunteers
were trained in a 30-minute field session to understand and follow the sampling protocol. They were
provided with all tools and equipment required for sampling (e.g., plastic gloves, ladder, volunteer’s
vest, etc.). When Spanish moss was not available for collection in a particular location, the nearest
sample was collected, and the address of that location was recorded. The new locations were geocoded
and imported into ArcGIS as shown in Figure 3.3.
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Table 3.2. Strata created from classifying block groups based on race, income and tree percentage
Strata

1
2
3
4
5
6

7
8
9
10
11
12

White
NonHispanic
%
Above
median
Above
median
Above
median
Above
median
Above
median
Above
median

Median
Household
Income

Tree Cover %

Strata Name

upper quartile

upper
quartile
Lower
quartile
upper
quartile
Lower
quartile
upper
quartile
Lower
quartile

White NH, high income, & high
tree cover
White NH, high income, & low
tree cover
White NH, middle income, &
high tree cover
White NH, middle income, &
low tree cover
White NH, low income, & high
tree cover
White NH, low income, & low
tree cover

5

Below
median
Below
median
Below
median
Below
median
Below
median
Below
median

upper quartile

upper
quartile
Lower
quartile
upper
quartile
Lower
quartile
upper
quartile
Lower
quartile

Minority, high income, & high
tree cover
Minority, high income, & low
tree cover
Minority, middle income, &
high tree cover
Minority, middle income, & low
tree cover
Minority, low income, & high
tree cover
Minority, low income, & low
tree cover

5

upper quartile
middle quartile
middle quartile
lower quartile
lower quartile

upper quartile
middle quartile
middle quartile
lower quartile
lower quartile

60

# block
group
Samples

5
5
5
5
5

5
5
5
5
5

Figure 3.3. Randomly selected sampling points within block groups. Three samples within each block
group were collected.

3.4.4 Spanish moss sampling protocol
As Martinez-Resendiz et al. (2015) stated, there is no standard approach for collecting biological
samples for air pollution measurement purposes; however, there are some common protocols for
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collecting homogenized samples that are being used in the literature. To collect samples, plastic gloves
were used to avoid contamination. Following previous studies (e.g., Figueiredo et al., 2007; Isaac-Olive
et al., 2012; Husk et al., 2004; Pellegrini et al., 2014), the samples were collected at altitudes between
1.5 and 3 meters above the ground to avoid contact with and contamination from the soil. Only the
lower 20-cm portions of the Spanish moss plants were selected, consistent with Pellegrini et al. (2014),
to ensure young and homogeneous samples. Samples were sealed in paper bags (Occelli et al., 2016),
labeled, and transported to the lab on the same day of collection.
3.4.5 Samples’ lab preparation
Samples were processed as soon as they were collected. This was important to avoid
remobilization of metals, as pointed out by Fernandez et al. (2015). Samples were transferred to the lab
in sealed paper bags. In the lab, the samples were cleaned manually but not washed, so as not to lose
any particles from the exterior part of the plant. Live tissues were then selected to have a total tissue
weight of 4–6 g per sample for further processing. The cleaned samples were sealed in plastic bags and
stored in a regular freezer (-3o to -5°C) until all samples were collected. The samples were then dried in
an oven for two days at a low temperature (45°C), as recommended by Fernandez et al. (2015), who
reviewed biomonitoring protocols of atmospheric deposition. The next step was grinding. The plant
tissues were inserted into microcentrifuge tubes, which were then put into a grinder machine (RETSCH
MM 400 Mixer Mill) to obtain a fine powder. This process was finished approximately two weeks after
sample collection (November 14, 2019).
3.4.6 Metal analysis
The metals of interest in the Spanish moss samples in this study are Ti, Cr, Mn, Co, Ni, Cd, Hg,
Pb, As, and Sb. A wet digestion procedure was performed to convert plant tissue into solution form. The
digestion method was modified from Binder et al. (2018), who used a technique to digest organic
material. The digestion method is similar to methods used in many other previous studies in terms of
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acid mixture (e.g., Cardoso-Gustavson et al., 2015; Carreras & Pignata, 2002; Goix et al., 2013; Pellegrini
et al., 2014; Pignata et al., 2002). The EPA digestion method 3052, which deals with organic materials,
was also taken as a reference to modify this method (Method 3052, 1996). This study digestion method
involves a mixture of nitric acid (HNO3), hydrogen peroxide acid (H2O2), hydrochloric acid (HCl), and
hydrofluoric acid (HF). To determine metal concentrations in the Spanish moss samples, an ICP-MS
instrument was used. The concentrations were expressed as µg/g on a dry weight basis. To check the
analytical quality of the instrument, two standard reference materials (SRMs) were used: spinach leaves
(1570a) and apple leaves (1515), both obtained from the National Institute of Standards and Technology
(standard reference material, 2019). These two SRMs were selected because they contained all the
metals of interest in this study, except for Ti, and they were the most frequently used reference
materials in previous studies (e.g., Amato-Lourenco et al., 2016; Figueiredo et al., 2007; MartinezCarrillo et al., 2010). The same digestion procedures used on the samples were also used on the SRMs.
Previous studies used microwaves for heating because Spanish moss is hard to digest, as MartinezResendiz et al. ( 2015) stated, and it requires a high temperature and pressure to obtain full digestion. In
this study, several digestion experiments were conducted using a simple heating plate. A final digestion
method was adopted that could produce complete digestion, as follows:
DAY #1

- Weigh tissue (200 mg) in Teflon tubes.

DAY #2

- Add nitric acid HNO3 (5 ml) and seal the vessel.
- Heat for 3 hours (175°C) on heating plate.
- Remove from heating plate, open vessel, and let cool for 30 minutes.
- Add hydrogen peroxide H2O2 (2 ml) and seal the vessel.
- Heat for 2 hours (175°C).
- Lower the temperature to 75°C and leave sample on heating plate overnight.

DAY #3

-

Open vessel and leave it overnight on heating plate at 75°C until full visual dryness.
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DAY #4

-

Add HCl:HF (2:2 ml) and seal the vessel.
- Heat for 3 hours (175°C) on heating plate.
- Lower the temperature to 75°C and leave sample on heating plate overnight.

DAY #5

- Heat for two hours at 175°C.
- Lower the temperature to 75°C, and let it cool for 30 minutes.
- Open vessel and leave it overnight until full dryness at 75°C.

DAY #6

-

Dilute to 10 ml solution (5% HNO3 solution).

3.4.7 Buffer analysis
Based on the literature, buffer sizes of 150 m, 250 m, 500 m, 750 m, and 1000 m radiuses were
delineated around sampling points to examine the association between tree cover percentage and
metal concentrations. There has been no use of a specific buffer size in previous studies. As stated by
Pearce et al. (2006), certain studies show that a 150 meter buffer distance is a reasonable and reliable
distance to measure the strong effects of roads on public health. In addition, it is evident from these
studies that traffic pollution, in general, decreases approximately 500–1000 m away from roads.
Chakraborty and Zandbergen (2007) added that a buffer radius of 400 to 1600 meters is commonly used
in proximity-based methods when measuring the exposure of roads as a source of pollution. Using
ArcMap software, tree cover percentages were calculated with road density.
3.4.8 Quality assurance
Analytical quality was checked to make sure that the results from laboratory analysis are
accurate, precise and consistent. Two types of accuracy were checked: instrument accuracy and method
accuracy. Instrument accuracy involves how much or how accurate the instrument can read or recover
from a known-concentration solution. This was done by examining what is known as the quality control
(QC) solution. Two QC solutions were prepared in the laboratory that contained all my metals of interest
(20 ppm and 100 ppm). Both QC solutions ran 17 times between samples. Instrument results
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concentrations (ppm) of each metal are shown in Figure 3.4 The mean reading (recovery counts) of the
17 runs with recovery errors are presented in Table 3.3. Ideally, the instrument should recover 100 ppm
for each metal. Recover error was calculated for each metal individually, as indicated in the table.
Instrument accuracy had an error of less than 3% for all metals. Mercury was the only metal with a high
standard deviation (24.04).
Table 3.3. Instrument accuracy: Recover counts and calculated errors from quality control standard
solution (100 ppm) that contain all metals of interest.
Metals
Ti
Cr
Mn
Co
Ni
Cd
Hg
Pb
As
Sb

Recovery counts(ppm)
MEAN
STDV
101.42
5.80
101.58
5.33
99.18
3.90
99.82
3.75
99.96
6.18
101.92
5.45
98.76
24.04
102.18
5.53
101.75
5.44
101.61
5.35

Recovery errors %
MEAN
STDV
-1.42
5.80
-1.58
5.33
0.82
3.90
0.18
3.75
0.04
6.18
-1.92
5.45
1.24
24.04
-2.18
5.53
-1.75
5.44
-1.61
5.35

Figure 3.4. Instrument accuracy showing all metals of interest in quality control standard solution (100
ppm)
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To examine method accuracy, concentrations of standard referenced materials such as apple
leaves (NIST SRM 1515) and spinach leaves (NIST SRM 1570a) were assessed. The SRMs (knownconcentrations standards) were obtained from the National Institute of Standards and Technology
(NIST). The difference between this SRM standard solution from the QC solution standard is that this
standard solution went through the same processes as my samples (oven heating and digestion
process). Also, this standard has similar materials to my samples—organic materials from plants. Ideally,
the instrument should recover similar concentrations from the SRMs for each metal. The recovery of
most of the elements was reasonable except for mercury and arsenic. Table 3.4 shows the error % of
recovery for each metal obtained from both SRMs. Figures 3.5 and 3.6 visually show the errors in boxes
and whiskers.
Even though the error % for metals was high in general, they were accepted, except for Hg and
As. This is because the concentrations in the SRMs were very low compared to the study samples.
Arsenic was not accepted even though it had a better error % than Cr, for example, because the
concentration of arsenic in the SRM was similar to concentrations of my samples (low in both). Thus, the
errors in the SRMs were applied similarly to my samples. On the other hand, and as an example, Cr
mean concentration obtained from the instrument for SRM was 1.21 µg/g when it should be 0.3 µg/g
based on the SRM, while it was 44.8 µg/g for my sample. The error % of Cr showed a 0.91 µg/g change
from the SRM concentration, which made the error % very high. However, the change of 0.91 µg/g
would not affect the study samples, which were 44.8 µg/g mean concentration, because 0.91 µg/g was
only 2% of the 44.8 µg/g. The very low concentrations of SRM solution lead to higher error. This is
because a very small change in these concentrations will lead to a very high error. For example, Sb metal
had a high error because of the very low concentration in the standard solution (0.01 ppm).
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Table 3.1. Errors % calculated from NIST 1515 and NIST 1570a standard reference materials (SRM).
SRM
Metals
Cr
Mn
Co
Ni
Cd
Hg
Pb
As
Sb

Concentrations ug/g
2.16
60.2
0.4
2.18
3
0.13
0.15
0.18
0.04

NIST 1570a
RSD% Known conc.(ug/g)
1.7
1.31
1.46
1.43
1.3
8.56
31.73
2.61
2.78

76
0.39
2.14
2.87
0.02
0.2
0.06

Error %
20.78
-2.8
-1.88
-4.63
-362.57
24.16
-169.95
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Concentrations
ug/g
1.21
44.16
0.12
1.35
0.01
0.03
0.35
0.16
0.04

NIST 1515
RSD% Known conc. (ug/g)
0.99
1.2
1.19
1.35
5.31
2.1
0.77
2.21
1.77

Error %

0.3
54.1
0.09
0.93
0.01
0.04
0.47

-305.3
18.36
-39.52
-44.39
-25.67
29.68
23.85

0.01

-237.71

Figure 3.5. Method accuracy showing metals’ errors % in NIST 1515 SRM solution.

Figure 3.6. Method accuracy showing metals’ error % in NIST 1570a SRM solution.

The precision of my data was below 7% RSD for all the elements of interest except for Hg, which
had an RSD <252% (Ti <6%, Cr <5%, Mn <5%, Co <5%, Ni <7%, Cd <6%, Pb <6%, As <4%, Sb <4%). Figure
3.7 shows a box and whiskers plot of the 174 samples’ RSD% for each metal. Every single sample was
measured as a triplicate using the ICP-MS instrument. Each replicate of the sample was swiped twenty
times in the instrument to get an average reading. Previous similar studies reported a precision of RSD
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<15% (e.g., Martinez-Carrillo et al., 2010; Figueiredo et al., 2004; Figueiredo et al., 2007) and RSD <9%
(Isaac-Olive et al., 2012). This indicates that the precision of the data in this study was within an
acceptable range compared with previous studies that worked with Spanish moss.

Figure 3.7. Precision calculated from a triplicate of samples. Each replicate was swiped 20 times to give
an average reading.
3.4.9 Statistical analysis
This project aims to examine whether the concentrations of metal air pollutants in Spanish moss
are statistically associated with tree cover area in the city of Tampa, Florida. Tree cover percentages
were calculated within buffers delineated around sampling sites. First, to examine the association
between metals and tree cover percentage within buffers, Spearman’s correlation was performed.
Spearman’s correlation is another version of the Pearson correlation for non-parametric data. Second,
two regression model types were performed for each metal individually with tree cover percentage
within the buffers. An explanatory variable (covariate) was introduced to the regression (total road
length within buffer) to perform a multi-regression analysis. Introducing the covariate helps to
understand if the association in regression between tree cover percentage and metals was explained by
other variables (such as total road length in this case). Using GeoDa software (Anselin, 2004), ordinary
least square (OLS) and simultaneous autoregressive (SAR) regression models were performed. OLS is a
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linear regression model, while SAR is a regression model that can control for spatial dependence by
including an additional spatial lag or spatial error explanatory variable with the other independent
variables (Chakraborty et al., 2011; Lome-Hurtado et al., 2019).
For the regression models, OLS regression was performed first. Using the residuals of the
regression models, Moran’s I was checked to examine if the OLS model suffered any spatial
dependence. Spatial dependence can violate the assumptions of the OLS regression (Landry &
Chakraborty, 2009). When data were found to be suffering spatial dependence, SAR models were run to
address the spatial autocorrelation issue in the data. There are two commonly used SAR models: SAR
(error) and SAR (lag). For this study data, SAR (lag) was used since it showed more significance than SAR
(error) (Anselin, 2005). For the SAR regression model, a spatial matrix should be created to consider
location as a variable in the model. To create spatial matrix, the distance band method was used with a
distance of 2000 meters. This distance showed the lowest Akaike info criterion (AIC) after creating and
examining different distances (2000, 4000, 6000, and 8000). This choice of distance based on AIC, and as
Kissling and Carl (2008) advised, will minimize the autocorrelation of the regression model and improve
the model fit.
3.5 Results
The association between metal concentrations and tree cover percentage was examined using
various buffer sizes: 150 m, 250 m, 500 m, 750 m, and 1000 m radiuses. Table 3.6 presents descriptive
statistics about the metal concentrations of 174 samples that were collected in the city of Tampa.
Descriptive statistics of tree cover percentage are shown in Table 3.5. Spearman’s correlation was
performed to examine the association between metal concentrations and tree cover percentage, as
shown in Table 3.7. The Tables from 3.7 to 3.14 show the results of OLS and SAR regression models of
the association between metals concentrations and tree cover percentage.
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Table 3.5. Descriptive statistics of tree cover (%) in different buffer sizes (m radius).
Buffer (m)
150
250
500
750
1000

Samples N.
168
166
159
152
143

MAX
79.9
73
71.2
66.2
65.7

MIN
6.5
6.8
11.1
14.4
15.3

Range
73.3
66.1
60
51.8
50.4

Stdv
15.2
14.3
12.8
11.5
10.6

Mean
41.7
41.4
40.3
38.9
38

Table 3.6. Descriptive statistic of metals concentrations µg/g in Spanish moss samples (N = 174).
Metals
Titanium (Ti)
Chromium (Cr)
Manganese (Mn)
Cobalt (Co)
Nickel (Ni)
Cadmium (Cd)
Mercury (Hg)
Lead (Pb)
Arsenic (As)
Antimony (Sb)

Min
11.94
21.63
12.68
0.66
10.01
0.04
0
0.33
0.13
0.16

Max
64.27
83.06
55.98
62.98
33.46
0.24
0.15
5.02
1.86
2.19

Mean
32.03
44.80
23.57
5.22
19.90
0.13
0.02
2.14
0.46
0.63

Stdv
11.15
15.12
8.77
10.42
5.97
0.04
0.04
1.09
0.26
0.32

Table 3.7 shows Spearman’s coefficients for the association between metal concentrations and
percent in tree cover in different buffer sizes: 150 m, 250 m, 500 m, 750 m, and 1000 m radiuses. The
results showed a negative association between Ti metal concentrations and percent in tree cover in
buffer 1000 (-0.176*). Cr metal concentrations showed a positive association with percent in tree cover
in buffer 150 (0.203**), and buffer 250 (0.164*). There was a negative association between Cd metal
concentrations and percent in tree cover in all buffer sizes (-0.183*, -0.238**, -0.307***, -0.370***, and
-0.411***, respectively). The results showed also a negative association between Pb metal
concentrations and percent in tree cover in buffer 750 (-0.202*), and buffer 1000 (-0.240**). Sb metal
showed a negative association with percent in tree cover in all buffers (-0.235**, -0.291***, 0.332***, 0.391***, -0.411***, respectively).

71

Table 3.7. Spearman’s correlation coefficients show metals concentrations associations with tree cover
percentage and road density within buffers. Buffers have different radius sizes in meters.
Buffer
150

Variable
Trees
Roads

Ti
0.006
0.063

Cr
.203**
-0.052

250

Trees
Roads

-0.044
0.139

.164*
0.055

500

Trees
Roads

-0.101
.321***

0.041
.204*

750

Trees
Roads

-0.157
.317***

-0.031
.197*

1000

Trees
Roads

-.176*
.336***

-0.035
.201*

*P < 0.05, **P < 0.01, ***P < 0.001.

Mn
0.136
0.028
0.131
0.013
0.111
0.016
0.106
0.037
0.083
0.022

Co
0.083
-0.026

Ni
0.148
-0.039

Cd
-.183*
0.088

Pb
-0.005
0.101

Sb
-.235**
0.14

0.064
-0.008

0.105
0.079

-.238**
0.124

-0.08
0.152

-.291***
.197*

0.053
0.055

-0.023
.235**

-.307***
.281***

-0.154
.337***

-.332***
.352***

0.095
0.07

-0.094
.224**

-.370***
.284***

-.202*
.339***

-.391***
.339***

0.15
-0.003

-0.102
.231**

-.411***
.359***

-.240**
.421***

-.411***
.377***

In general, both regression models (OLS and SAR) showed no association between any metal
concentrations and tree cover percentage at any buffer size. All metals (except for Co and Sb) suffered
spatial dependence. Consequently, the SAR regression models were performed. Co and Sb
concentrations showed no association with tree cover percentage at any buffer size when OLS
regression models were performed. Ti, Ni, and Pb concentrations did not show any association with tree
cover percentage in either regression model, OLS or SAR, at any buffer size.
Cd metal concentrations showed a negative association with tree cover percentage at all buffer
sizes in the OLS regression model. Even though all the models for Cd were significant (3.29*, 5.22**,
8.46***, 3.63*, and 13.8***, respectively), their R squared are very low (between 0.02 and 0.15). Also,
the Moran’s I of all these models showed that the data suffered spatial dependence. For this reason, the
SAR models were performed. The SAR models improved and fixed the issue of spatial dependence, and
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that can be seen from the reduction of Moran’s I when comparing the OLS and SAR models (0.29*** vs 0.029) in the 150m buffer, (0.26*** vs -0.01) in the 250m buffer, (0.23*** vs -0.01) in the 500m buffer,
(0.19*** vs -0.02) in the 750m buffer, and (0.19*** vs -0.01) in the 1000m buffer. These SAR regression
models did not show any association between Cd metal concentrations and tree cover percentage.
The results showed that Mn is positively associated with tree cover percentage at the 750m and
1000m buffers in the OLS regression models. The models are significant (3.62* and 5.19**, respectively)
with a very low R squared. The Moran’s I of both models (0.23*** and 0.24***, respectively) suggested
that the data suffered spatial dependence. Consequently, SAR regression models were performed. The
SAR models fixed the issue of spatial dependence; however, they showed no association between Mn
metal concentrations and tree cover percentage at any buffer size.
Finally, the results showed that Cr is positively associated (0.3**) with tree cover percentage in
the OLS model at the 150m buffer. The model is statistically significant (4.01*). However, it had a very
low R squared (0.03) and suffered from spatial dependence, as Moran’s I (0.17***) indicated. Other
buffer sizes did not show any association between Cr and tree cover percentage in the OLS models. In
the SAR model, Cr showed a positive association with tree cover percentage (0.24*) only at the 150m
buffer. The pseudo R squared (0.12) was very low, which indicates that the result is not robust.
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Table 3.8. Summary results of OLS and SAR regression models to examine the association between tree cover percentage and Ti metal air
pollutions in Spanish moss at different buffer sizes (meters radius). Results shows coefficients of regression models.
Titanium
150
Models
OLS
SAR
Tree
0.02
0.01
Roads
590
86.3
Model
parameters
Intercept
30.54
15.29
Lag coeff.
0.49***
R2
-0.009
0.188
F static
0.25
Moran’s I
0.26***
-0.009
AIC
1390
1366
N
168
168

OLS
0.01
1223

250

30.94
-0.0003
0.97
0.21***
1373
166

500

750

1000

SAR
0.03
728

OLS
0.03
2661**

SAR
0.03
1615

OLS
0.008
2813*

SAR
0.02
0.1

OLS
0.02
1324*

SAR
0.04
839.9

11.57
0.09***
0.18

28.52

14.29
0.47***
0.2

29.4

15.06
0.46***
0.17

28.57

0.48
0.48***
0.2

0.001
1350
166

0.04
4.02*
0.21***
1305
159

*P < 0.05, **P < 0.01, ***P < 0.001. AIC = Akaike info criterion.
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-0.01
1286
159

0.03
3.92*
0.19***
1249
152

-0.01
1234
152

0.04
4.32*
0.21***
1177
143

-0.01
1160
143

Table 3.9. Summary results of OLS and SAR regression models to examine the association between tree cover percentage and Cr metal air
pollutions in Spanish moss at different buffer sizes (meters radius). Results shows coefficients of regression models.
Chromium
150
250
Models
OLS
SAR
OLS
SAR
Tree
0.3**
0.24*
0.28*
0.26
Roads
-282
-926
895.2
514
Model
parameters
Intercept
32.1
18.8
32.7
15.9
Lag coeff.
0.35***
0.39**
2
R
0.03
0.12
0.03
0.09
F static
4.01*
2.62
1491
Moran’s I
0.17***
0.006
0.13*** 0.002
AIC
1512
1503
1497
1491
N
168
168
166
166
*P < 0.05, **P < 0.01, ***P < 0.001. AIC = Akaike info criterion.

OLS
0.23
3353*

500

32.9
0.03
2.88
0.13***
1436
159

75

750
SAR
0.17
2687

OLS
0.23
4497**

SAR
0.17
3697*

OLS
0.22
1542

20.86
0.33**
0.1

7.88

20.78
0.31*
0.1

32.99

-0.01
1429
159

0.03
3.63*
0.12***
1372
152

-0.01
1367
152

1000

0.01
1.882
0.16***
1299
143

SAR
0.15
1150.6

19.19
0.39***
0.11
-0.01
1290
143

Table 3.10. Summary results of OLS and SAR regression models to examine the association between tree cover percentage and Mn metal air
pollutions in Spanish moss at different buffer sizes (meters radius). Results shows coefficients of regression models.
Manganese
150
Models
OLS
SAR
Tree
0.08
0.05
Roads
-139
-109
Model
parameters
Intercept
20.03
11.73
Lag coeff.
0.4***
R2
0.003
0.15
F static
1.31
Moran’s I
0.28***
-0.1**
AIC
1278
1259
N
168
168

OLS
0.09
-175

250

19.9
0.004
1.34
0.26***
1263
166

SAR
0.06
-106

OLS
0.1
-205

10.75
0.43***
0.15

19.39

-0.13**
1244
166

500

0.006
1.48
0.28***
1215
159

*P < 0.05, **P < 0.01, ***P < 0.001. AIC = Akaike info criterion.
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750

1000

SAR
0.07
-22.2

OLS
0.18*
70.88

SAR
0.09
95.64

OLS
0.25**
200.7

SAR
0.13
171.8

10.99
0.4***
0.16

15.86

8.22
0.47***
0.19

12.82

5.93
0.49***
0.23

-0.11*
1196
159

0.03
3.62*
0.23***
1118
152

-0.04
1099
152

0.05
5.19**
0.24***
1033
143

-0.04
1013
143

Table 3.11. Summary results of OLS and SAR regression models to examine the association between tree cover percentage and Co metal air
pollutions in Spanish moss at different buffer sizes (meters radius). Results shows coefficients of regression models.
Cobalt
150
250
Models
OLS
SAR
OLS
SAR
Tree
-0.02
-0.037
-0.01
-0.03
Roads
1727
1708
690
650
Model
parameters
Intercept
5.71
5.827
5.74
5.89
Lag coeff.
0.04
0.07
2
R
0.006
0.01
-0.009
0.004
F static
1.56
0.23
Moran’s I
0.018
0.005
0.014
0.003
AIC
1471
1472
1458
1460
N
168
168
166
166
*P < 0.05, **P < 0.01, ***P < 0.001. AIC = Akaike info criterion.

OLS
-0.04
-201

7.59
-0.01
0.06
0.02
1403
159
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500

750
SAR
-0.06
-214

OLS
0.07
-680.3

SAR
0.06
-682.6

OLS
0.1
-528.4

7.84
0.05
0.002

3.44

3.48
0.005
0.004

3.13

0.006
1405
159

-0.008
0.36
-0.004
1347
152

-0.006
1349
152

-0.001
0.9
-0.01
1275
143

1000

SAR
0.11
-526.8

2.94
-0.02***
0.01
-0.009
1277
143

Table 3.12. Summary results of OLS and SAR regression models to examine the association between tree cover percentage and Ni metal air
pollutions in Spanish moss at different buffer sizes (meters radius). Results shows coefficients of regression models.
Nickel
150
250
Models
OLS
SAR
OLS
SAR
Tree
0.088
0.077
0.07
0.079
Roads
-127
-321
376
277
Model
parameters
Intercept
16.21
10.47
16.58
9.36
Lag coeff.
0.31**
0.35**
R2
0.013
0.08
0.002
0.06
F static
2.16
1.22
Moran’s I
0.15***
0.005
0.11*** 0.002
AIC
1210
1204
1197
1192
N
168
168
166
166
*P < 0.05, **P < 0.01, ***P < 0.001. AIC = Akaike info criterion.

OLS
0.045
1258*

17.2
0.01
2.26
0.1**
1146
159
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500

750
SAR
0.03
1052

OLS
0.07
1696*

SAR
0.03
1462*

OLS
0.03
618.9

12.09
0.28*
0.07

17.02

12.51
0.25
0.07

17.45

-0.01
1143
159

0.03
3.42*
0.08*
1095
152

-0.01
1093
152

1000

0.03
2.26
0.13***
1036
143

SAR
0.02
484.1

11.38
0.33**
0.09
-0.01
1031
143

Table 3.13. Summary results of OLS and SAR regression models to examine the association between tree cover percentage and Cd metal air
pollutions in Spanish moss at different buffer sizes (meters radius). Results shows coefficients of regression models.
Cadmium
Models
Tree
Roads
Model
parameters
Intercept

150

250

750

500

OLS
-0.0005*
3.23

SAR
-0.0003
2.05

OLS
-0.007*
4.35

SAR
-0.0003
1.97

OLS
-0.008*
8.56*

SAR
-0.0004
5.32

OLS
-0.001**
6.37

SAR
-0.0006
3.14

0.161

0.07

0.16

0.06

0.16

0.07

0.182

0.09
0.51**
*
0.26

Lag coeff.
0.53***
0.62***
0.52***
R2
0.026
0.25
0.04
0.28
0.08
0.28
F static
3.29*
5.22**
8.46***
Moran’s I
0.29***
-0.029 0.26***
-0.01
0.23***
-0.01
AIC
-485
-517
-483
-518
-468
-494
N
168
168
166
166
159
159
*P < 0.05, **P < 0.01, ***P < 0.001. AIC = Akaike info criterion.
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0.09
9.1***
0.19***
-448
152

-0.02
-467
152

1000
OLS
SAR
-0.001**
0
3.95*
2.685

0.18
0.15
13.8***
0.19***
-423.7
143

0.09
0.48**
*
0.29
-0.01
-439.9
143

Table 3.14. Summary results of OLS and SAR regression models to examine the association between tree cover percentage and Pb metal air
pollutions in Spanish moss at different buffer sizes (meters radius). Results shows coefficients of regression models.
Lead
Models
Tree
Roads
Model
parameters
Intercept

OLS
0.002
173

1.92

150

SAR
0.005
136*

OLS
-0.001
245**

0.63

2.05

250

500

750

1000

SAR
0.005
166

OLS
0.0004
365***

SAR
0.004
244**

OLS
-0.001
406***

SAR
0.004
276**

OLS
-0.006
157.5***

SAR
0.001
116.1

0.33

1.83

0.67

1.84

0.69
0.49**
*
0.28

2.1

0.81
0.48**
*
0.27

Lag coeff.
0.55***
0.69***
0.51***
2
R
0.002
0.28
0.05
0.35
0.1
0.29
F static
2.74
5.59**
10.7***
Moran’s I
0.34***
-0.033 0.33*** -0.006 0.23***
-0.05
AIC
573
535
562
512
531
504
N
168
168
166
166
159
159
*P < 0.05, **P < 0.01, ***P < 0.001. AIC = Akaike info criterion.
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0.13
11.44
0.2***
507
152

-0.05
487
152

0.11
110.1***
0.24***
484.7
143

-0.04
465.2
143

Table 3.15. Summary results of OLS and SAR regression models to examine the association between tree cover percentage and Sb metal air
pollutions in Spanish moss at different buffer sizes (meters radius). Results shows coefficients of regression models.
Antimony
150
250
Models
OLS
SAR
OLS
SAR
Tree
-0.004
-0.003
-0.005
-0.004
Roads
5.24
2.53
16.6
7.74
Model
parameters
Intercept
0.79
0.67
0.84
0.63
Lag coeff.
0.15
0.26
R2
0.003
0.02
0.01
0.04
F static
1.301
2.18
Moran’s I
0.04
-0.007
0.048
-0.005
AIC
266
267
263
262
N
168
168
166
166
*P < 0.05, **P < 0.01, ***P < 0.001. AIC = Akaike info criterion.

OLS
-0.005
43.9

0.81
0.02
3.11*
0.02
257
159

81

500

750
SAR
-0.004
41.27

OLS
-0.008
32.8

SAR
-0.007
31.91

0.71
0.12
0.04

0.93

0.87
0.06
0.04

-0.01
258
159

0.03
3.62*
0.002
249
152

-0.01
251
152

1000
OLS
SAR
-0.008
-0.008
25.4
25.5

0.91
0.05
4.9**
0.002
239.5
143

0.89
0.02
0.06
-0.005
241.5
143

Charts illustrating the association between metal concentrations and percent in tree cover in
buffer 1000 are shown in Figure 3.8. There is a general trend of negative association between metal
concentrations and percent in tree cover. Only Mn and Co concentrations showed a positive association
with tree cover percentage.

Figure 3.8. Tree cover percentage and metals concentrations charts for buffer 1000 m radius

82

3.6 Discussion
The necessity of performing SAR model was approved since OLS models showed spatial
dependence. SAR model augments the OLS model with considering location as a variable. The OLS might
revealed for a significant association between a specific metal concentrations and tree cover
percentage; however, this association might be because of the relationship between observations that
are close to each other. For example, OLS model in buffer 750 showed that there is an association
between Mn and tree cover percentage (0.18*). When SAR was performed to consider spatial
dependence, no association was found. In this case, the association found in OLS was not predicted by
the tree cover variable, but it was explained by the similarity in values of the nearby observations. This
cannot be revealed until SAR model or any other spatial regression is performed.
The experimental results showed that several metals such as Cd, Pb and Sb had a significant
negative association with tree cover percentage. However, these metals showed a negative association
with tree cover percentage in Spearman’s correlation only, while they showed no association in the OLS
and SAR regression models. Thus, the association of these metals with tree cover percentage is
considered weak. Other metals in this study did not provide enough evidence to prove the ability of tree
cover to remove metal air pollutants. The negative association between metals air pollution and tree
cover percentage was expected since previous studies (e.g. Nowak et al., 2014; Papaioannou, 2013;
Yang et al., 2008) pointed out the capability of tree cover in capturing particulate matter, which consists
of metals.
Results not supporting the hypothesis (there is a negative association between tree cover
percentage and concentrations of metals in Spanish moss) might be because of inappropriate sampling
design. It also might be because that there are other variables needed to be included in the regression
analysis that have major impact on the relationship between tree cover and metal concentrations. For
sampling design, this study collected samples in residential zones only. This sampling design was chosen
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as a better design to examine environmental equity issue, which is one of the main goals of this
dissertation. After examining the result of the association between tree cover and metal
concentrations, I believe that a better sampling design to examine this association is needed. Rather
than just collecting samples at only one land-use type, it is more appropriate to collect samples in
different land-use types (public parks, roads, residential zones etc.). This could capture not only the tree
cover percentage, but also can capture the air pollution sources such as roads. An example of such
sampling design is illustrated in few previous studies that were conducted with an experimental
quantification study that examined the association between air pollution and tree cover (e.g., Tong et
al., 2016; Yin et al., 2011). Tong et al (2016) measured air pollutants (total suspended particles, sulfur
dioxide, and nitrogen dioxide) in public parks and the surrounding with taking wind direction into
consideration. Results showed that vegetation cover in parks helped in removing and reducing these
three pollutants concentrations. Yin et al (2011) study measured particulate matter (PM) concentrations
in roads and near-road to examine the capability of street trees in reducing concentrations. Results
showed a significant decrease of PM at near-road suggesting that street trees were able to reduce a
large amount of this air pollutant. These are examples of sampling design that used different land-use
types to examine the capability of trees in reducing a certain type of air pollution.
Like any other study, this one has advantages and limitations. First, the concentrations of metals
represent what is in the plant itself and do not give an exact reading of the pollutant concentrations in
the air as traditional methods do, unless the plant concentrations are calibrated with traditional air
measurement readings. Thus, these results might not be comparable to those of traditional methods
that use air pollution measurement instruments such as those in monitoring stations. For example,
Occelli et al (2016) did not report air actual pollution concentration by using Lichens as bioindicator in
their environmental equity study. However, they used Mean Impregnation Ratio index to represent
metal concentrations in Lichens samples to examine concentrations variation.
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Second, relying on a biological indicator to measure air pollution lacks a standard method (in
terms of sampling, sample preparation, digestion method, etc.). Although previous research has shown
some procedures, there is still no standardized method, which, at some level, makes it tough to
compare the results. Third, it is difficult to determine the exposure time of the plant because it is hard to
determine the age of Spanish moss plants. Researchers usually select similar parts in all samples to
achieve homogeneity. Fourth, there is a lack of scientific research on the interaction between air and
epiphytic plants. For example, Shahid (2016) stated that the literature lacks research that examines and
understands the air pollutant uptake by plant leaves. Fifth, in the literature, there is also no
understanding of the accumulation of different pollutants in different parts of the plant. Bioindicator
studies have many variables that could distort the final results. These variables (such as plant leaf
mechanism and uptake, pollutant properties, air pollution variation factors, lab analytical methods, etc.)
require a fair amount of consideration by specialists and experts in their fields.
Sixth, for the buffer analysis method, the results could change based on the buffer size (Pearce
et al., 2006; Sheppard et al., 1999). Therefore, selecting an appropriate buffer size is important and at
the same time difficult (Pearce et al., 2006). Also, the buffer analysis method assumes that the variables’
values (i.e., road density and tree cover amount) outside the buffer have no effect on the inside of it,
which does not happen in reality.
Seventh, the relationship between air pollution and tree cover is difficult to determine. As
Gallagher et al. (2015) stated, this relationship is complex. There are many factors, as mentioned in the
literature, such as vegetation characteristics, meteorological data, and chemical/physical characteristics
of pollutant types, that need to be considered when examining tree cover and its ability to remove air
pollution. As previous studies have pointed out, these factors not only affect air pollution distribution
(e.g., Mcpherson et al., 1994; Selmi et al., 2016; Tiwary & Colls, 2009), but they also impact air metal
pollution deposition and uptake by plants’ leaves (Shahid et al., 2016). Moreover, multicollinearity
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between independent variables (tree cover and pollution source) is another challenge in this type of
application. The level of air pollution might not be explained by tree cover percentage only. A pollution
source is a main factor that determines air pollution concentrations, and it needs to be considered
exclusively when looking at the tree cover-air pollution association. This dissertation considered
examining roads as a pollution source. Still, major and minor pollution point sources could be a reason
behind variation in air pollution concentrations, even in this study which focused on residential zones
that are far from these types of air pollution sources.
More research is needed to examine metal air pollution in general, and the impact of tree cover
on reducing such pollutants. There is a lack of experimental approaches in the literature, especially for
hazardous pollutants. Future studies are needed to consider vegetation characteristics, meteorological
data, and chemical/physical characteristics of pollutant types when examining tree cover as an air
pollution filter.
This chapter discussed some limitations of studies that examined vegetation as an air pollution
filter. Those studies examined criteria pollutants extensively (e.g., Nowak et al., 2006; Selmi et al., 2016);
however, hazardous pollutants are not very well documented in this research field. Also, the high cost of
measuring high spatial resolution data of air pollution led previous studies to rely on modeling instead of
actual measurements. One of the main objectives of this dissertation was to provide high spatial
resolution data at low cost by measuring air metal pollution using Spanish moss as a bioindicator in
Tampa. The metal concentration data provided in this study helped in conducting an empirical study to
examine variation in concentrations and then correlate it to tree cover data. Also, this dissertation
focused on metal air pollutants that were rarely introduced in the literature in this field.
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CHAPTER 4: ENVIRONMENTAL INEQUITY AND AIR POLLUTION
4.1 Introduction
Environmental risks are unequally distributed in regions and among our society (Ringquist,
1997). As these environmental risks affect the population differently, acting to achieve justice and
equity has become crucial. Previous studies have found that there is a disproportionate distribution of
air pollution, or facilities that are causing it, among different groups of people (e.g., Chakraborty, 2009;
Pearce et al., 2006; Ringquist, 1997; Stuart et al., 2009). The general claim of these research studies is
that minorities and poor people are at a disadvantage due to this unfair distribution.
Studies on inequity in exposure to less common air pollutants, like metals that have negative
effects on public health according to the WHO, are often limited due to a lack of data on these types of
pollutants. Most monitoring stations that measure air pollution focus on criteria pollutants (O3, Pb, PM,
SO2, NOx, and CO), while only a few measure metal pollutants, such as the Chemical Speciation Network
(CSN) stations. The CSN distribution is very sparse, and it can rarely provide enough data to fulfil
environmental equity studies’ objectives. For example, there are only three CSN monitoring stations in
Florida that measure metal pollutants (Chemical Speciation Network, 2017). Thus, almost all of these
studies examined criteria air pollutants and ignored hazardous pollutants, which include metals (e.g.,
Lersch & Hart, 2014; Lome-Hurtado et al., 2019; Moreno-Jimenez et al., 2016; Stuart & Zeager, 2011; Yu
& Stuart, 2016). This dissertation examines environmental inequity in the City of Tampa by comparing
demographic data at the block group level with metals air pollution data measured by Spanish moss.
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4.2 Literature review
4.2.1 Definitions
Environmental justice and environmental equity have different meanings, even though some
researchers use them similarly (Brainard et al., 2002) and not all scientists define the terms in the same
way (e.g., Cutter, 1995; Ewall, 2012; Lee & Jamal, 2008;). On the one hand, environmental justice studies
examine process equity and the procedures that create the distribution of any risks (i.e., industrial sites,
waste facilities, power plants, etc.). These studies are more about analyzing and understanding the
reasons behind the disproportionate distribution of burdens and benefits in society (Cutter, 1995). Thus,
environmental justice is more political since government actions are greatly responsible for the
distribution of benefits and harms that lead to inequity in some cases. On the other hand,
environmental equity studies analyze the outcome equity issue, describing the current distribution of
burdens and benefits to show its effects on certain population groups. Environmental equity term
comes from three notions: social equity, generation equity, and procedural equity. It means the equal
sharing of environmental risk effects or benefits (Cutter, 1995).
Other papers have distinguished the two notions differently. Ewall (2012) stated that
environmental equity is, for example, poisoning people equally, while environmental justice is to not
poison people at all. Therefore, environmental equity involves the government’s actions and responses
to achieve environmental justice (Ewall, 2012; Lee & Jamal, 2011). In other words, the government could
not prevent poisoning (could not achieve environmental justice), but it tries to distribute and share it to
everyone equally (achieve environmental equity). Thus, the EPA changed its “environmental equity”
office to one of “environmental justice” to not only ensure harms are equally distributed (Holifield,
2001) but also to eliminate them. Activists criticized the EPA because the agency appeared to only
distribute harm equally, not eliminate it. Even though the name was changed, the agenda was still the
same, as Ewall (2012) stated.
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Many scientists tried to define environmental justice and equity, and they came up with various
notions such as process equity and outcome equity. For example, process equity, or procedural equity in
some papers, refers to the fair governing of rules and regulations and equally enforcing these to avoid
discrimination (Bullard & Clinton, 1994; Holifield, 2001). This term also highlights that all population
groups may take equal part in the decision-making process (Holifield, 2001). In general, as Landry and
Chakraborty (2009) stated, process equity involves the processes and factors that contribute to the
disproportionate distribution of benefits and burdens. Since these factors are usually or mostly
government rules and regulations, from my moderate personal research, most literature talked about
these rules when introducing process equity as a notion.
Hay (1995) referred to process equity as procedural fairness, applying rules on all individuals
equally and in all cases. These rules should be equal in space and time. In other words, rules that are
applied in a certain place should also be applied in all other places. This concept is also applied to time,
where different generations should have the same and equal opportunities. This is generational equity,
as Holifield (2001) briefly mentioned in his paper. Therefore, unfair rules result in the disproportionate
distribution of benefits and burdens in society. In several ways, these rules and regulations are passed
discriminatorily. For example, public hearings might be held in places only certain population groups can
reach, or these public hearings could be in a language unsuitable for certain people (Bullard & Clinton,
1994).
Another notion of process inequity is compensatory inequity. This refers to disadvantaged
people (or vulnerable groups) who need amenities or special needs more than others (Pham et al.,
2012). This inequity results from rules and regulations ignoring vulnerability. Thus, a policy is passed to
achieve justice by treating people equally; however, it causes the disproportionate distribution of
benefits or burdens. Therefore, we can call this just but not equal. A researcher identified social equity
as another term of process equity (Bullard & Clinton, 1994). Social equity refers to the role of
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sociological factors (i.e., race, class, ethnicity, political and economic aspects) in causing environmental
inequity. For example, people with low income tend to live in the most polluted zones because these
zones are less expensive, thus exposing their children and families to this higher level of pollution.
Politically speaking, because those people have no political power and cannot face federal agencies,
noxious facilities tend to follow the “path of least resistance,” establishing their facilities among minority
and low-income population groups (Bullard & Clinton, 1994).
We can conclude that researchers introduced these new terms of process equity to distinguish
factors that cause equity. In procedural equity, rules and regulations cause equity or outcome equity.
Compensatory equity has a similar concept as procedural equity but explains why and how an equal rule
is passed. In social equity, sociological factors (i.e., race, class, political and economic aspects) cause
such equity. In the end, all fall under the process equity notion, which examines processes causing the
disproportionate distribution of benefits and burdens among different population groups.
When studies examine outcome equity, they evaluate the current circumstances of the
distribution of benefits and burdens among population groups that result from process equity (Jacobson
et al., 2005). Therefore, outcome equity is “the current location pattern of amenities and disamenities”
(Landry & Chakraborty, 2009, page 2653). Some researchers have termed it as geographic equity
(Bullard & Clinton, 1994). Geographic equity is where minority and low-income people live close to
locally unwanted land uses (LULUs) (Bullard & Clinton, 1994), such as toxic release inventory, petrofund,
superfund, land recycling sites, landfills and incinerators, toxic storage and disposal facilities (TSDFs),
and locations of accidental hazardous release (Jacobson et al., 2005). Geographic equity is also the
examination of a particular group’s proximity to any LULUs. As shown in many studies (Bullard, 1983;
Cutter et al., 1996; Maantay, 2007; Mennis & Jordan, 2005; Stuart et al., 2009) and as stated in Bullard &
Clinton (1994), different types of LULUs are associated with minority and low-income population groups.
To achieve geographical equity, a “fair share” approach is used to ensure that all communities take
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equal shares of any hazardous facilities in the region by equally distributing these facilities (Bullard &
Clinton, 1994).
4.2.2 History of Environmental equity
Environmental justice represents the intersection between the two greatest movements of the
late 20th century: the civil rights movement and the environmental movement, both of which grew
rapidly in the United States. Evidence of discrimination regarding pollution site locations caused political
activist groups to pressure the government to create new policies about environmental justice issues
(Cutter, 1995). Identifying when the environmental justice movement specifically began is difficult.
However, the majority of the literature suggests the 1980s as its starting point (i.e., Landry &
Chakraborty, 2009; Pearce et al., 2006). It is during this period that the first studies and regulations were
seen. As Landry and Chakraborty (2009) mentioned, the inequity cases and the unfair distribution of
unwanted land in the 1980s boosted the movement of environmental justice in the United States.
We could also highlight the major events that formed the awakening of this movement even
before the 1980s. One of the earliest events was the creation of the National Environmental Policy Act
(NEPA) in 1969. This act required assessment and evaluation of any projects that had the potential to
threaten the quality of the human environment, and this action and its effects should be publicly
disclosed (Summary of the national environmental policy act, 2019). Two years later, NEPA established
the Council on Environmental Quality. Their report, one that first recognized environmental injustice
issues, found that low-income populations were exposed to hazardous sites (Eddy, 2010). In the 1980s, a
major event that helped shape the definition of environmental equity and gave it its unique path was a
protest in Warren County in North Carolina by environmental groups, civil rights groups, and others to
stop the construction of a waste landfill near an African American community, even though their efforts
were not successful (Cutter, 1995).
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In the 1980s, several empirical studies were conducted that have had a significant effect on
national policies regarding environmental equity and environmental justice (Eddy, 2010). First of all, in
1983 Robert Bullard wrote a case study that examined environmental racism, titled as “Solid Waste Sites
and the Black Houston Community.” It investigated environmental racism in an African American
community in Houston, Texas. It also showed that a solid-waste landfill site was located near the African
American community (Suman, 1992). Furthermore, in the same year, an empirical study was conducted
to examine racial and demographic characteristics around Treatment, Storage, and Disposal Facilities
(TSDF) by the U.S. Government Accountability office (GAO). The study examined four TSDF sites in EPA
Region 4. The results showed that three of these four sites were located in minority communities
(Anderton et al., 1994; Eddy, 2010), while African Americans formed only one-fifth of the south’s
population at that time (Eddy, 2010).
This study directed national attention to the issue of environmental equity in the United States.
In 1987, the United Church of Christ (UCC) published the first national report after conducting an
empirical study on the whole nation (Anderton et al., 1994). The study used five-digit zip code level
population data as the geographical unit. Three variables were examined: percentage of the minority
population, mean household income, and mean house value. The results were compatible with the first
study. It was found that minority populations in TSDF areas are twice more than in areas where there
are no TSDFs. The other two variables were not as significant, which emphasizes that race has the
strongest correlation with TSDF sites (Anderton et al., 1994).
4.2.3 Environmental equity and air pollution exposure
The majority of environmental equity studies revealed that certain population groups are found
to be disproportionately exposed to high levels of air pollution (Chakraborty & Zandbergen, 2007;
Gilbert & Chakraborty, 2011; Lome-Hurtado et al., 2019; Moreno-Jimenez et al., 2016; Pearce &
Kingham, 2008). These studies examined many demographic variables (race, ethnicity, income, poverty
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level, house owners, renters, age, etc.) to better understand inequity in their study areas. Based on the
literature, race and income are the most common variables which showed a significant correlation with
air pollution concentration levels (Chakraborty, 2001; Moreno-Jimenez et al., 2016; Stuart & Zeager,
2011). An example is a study conducted in Mexico City to examine vulnerable population groups’
exposure to O3 and PM10 (Lome-Hurtado et al., 2019). For air pollution data, the study collected data
from 23 monitoring stations, while the smallest geographical unit, Áreas Geoestadisticas Básicas, was
used for demographic data. The results showed that elderly population groups and low socio-economic
status population groups were strongly associated with high PM10 pollutant exposure, while children
were affected by O3 pollutants the most. Another similar study was conducted in two Spanish cities,
Madrid and Barcelona, to examine NO2 pollutant exposure in minority population groups and other
vulnerable population groups, such as the elderly (Moreno-Jimenez et al., 2016). For air pollution data,
the study used 56 and 12 monitoring stations for Madrid and Barcelona, respectively. In Madrid, Latin
Americans and Asians were disproportionately exposed to high concentrations of NO2, while in
Barcelona, the elderly, Latin Americans, those of African origins, European immigrants, and Asians were
the disadvantaged population groups.
Environmental equity studies that were conducted in Hillsborough county, Florida, revealed an
inequity related to distribution of or exposure to pollution in the area (Chakraborty, 2001; Chakraborty,
2009; Gurram et al., 2019; Lersch & Hart, 2014; Stuart et al., 2009; Stuart & Zeager, 2011; Yu & Stuart,
2016). These studies found that African Americans, Hispanics, non-white populations and people below
poverty level were found to be exposed to higher levels of different types of air pollution. For example,
the environmental equity study conducted by Chakraborty (2009) in the Tampa Bay region examined
exposure to hazardous pollutants by different population groups. The study used census tracts for
demographic data. To estimate exposure, the Gaussian dispersion model was used on National Emission
Inventory (NEI) facilities. The results showed that African Americans, Hispanics, and renters were the
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most disadvantaged population groups with regard to exposure to hazardous pollutant concentrations
that were estimated from the model. Another environmental equity study was conducted in
Hillsborough county to examine NO2 concentrations (Stuart & Zeager, 2011). The study used passive
samplers to collect NO2 in 72 elementary schools and then correlate their concentrations with
demographic data that were obtained from these schools. Annual average daily traffic counts were also
calculated to validate and explain NO2 concentrations measured. The results showed that African
Americans, Hispanics, and economically disadvantaged population groups were being exposed to higher
NO2 concentrations.
4.2.4 Problems and obstacles in environmental equity studies
4.2.4.1 Geographical units
It is not reliable or even possible to compare results of different studies that used different
geographical units (Bowen et al., 1995). This is because results are different for each unique
geographical unit even if performed for the same study area (Dolinoy & Miranda, 2004). This problem of
geographical unit difference refers to what is called the modifiable area unit problem (MAUP) (Mennis,
2002). MAUP explains that different results of spatial analysis occur with varying the geographical unit of
the study area. Empirical studies try to show inequity, studies claim, but many are not definitive (Cutter,
1995), and this is because of MAUP in some cases (Mennis, 2002). Environmental equity studies
examine the correlation between amenities/disamenities and demographic characteristics using a
variety of geographical unit sizes (Anderton et al., 1994; Cutter, 1995; Dolinoy & Miranda, 2004). At a
national level, studies used EPA regions (Anderton et al., 1994), counties (Bowen et al., 1995) and states
as the geographical units (Cutter, 1995). Others used census tracts (e.g., Gilbert & Chakraborty, 2011)
and block groups units (Chakraborty, 2001) as a smaller scale.
Research studies found variation in results when using different geographical units in the same
study area (Cutter, 1995). For example, a study was performed using different geographical units to
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examine the correlation between TSDF distribution and minority populaitons and indicators of economic
status (Anderton et al., 1994). The purpose of the study was to compare these results using the same
TSDF site and see whether correlations are consistent between TSDF site locations and minority and
economic status factors using different geographical units. The geographical units tested in the study
were census tracts, areas surrounding TSDFs, Standard Metropolitan Statistical Areas (SMAS), and EPA
regions. The results showed that only one demographic variable out of seven was consistently
correlated independently of the geographic unit (population employed in precision manufacturing
occupations). A similar study examined the association between toxic releases data and demographic
variables (i.e., income, minority, poverty level, etc.) in Ohio (Bowen et al., 1995). The correlation was
examined using county-level and census tracts (only in Cuyahoga county) as geographical units. The
results of the county-level analysis did not support the claim of environmental inequity in income and
minority demographic variables; however, the results showed the opposite when using census tracts as
geographical units in Cuyahoga county with the same two variables.
4.2.4.2 Statistical obstacles
Environmental equity studies face some statistical obstacles when examining independent
variable data geographically. This is because location is another variable that can affect the final results.
The most common spatial and geographical issues of environmental equity studies are spatial
autocorrelation, nonstationarity, and multicollinearity.
First, the spatial-autocorrelation phenomenon is when values that are located close to one
another tend to be similar to each other but different from the other values that are far from them
(Chakraborty et al., 2011; Schio et al., 2019). This commonly happens in environmental justice studies.
Pham et al. (2012) explained that there are several factors such as socio-historical or ecological factors
that cause spatial autocorrelation. If we identify these factors, we can control them when applying the
multi regression model; however, if we do not know what exactly causes spatial autocorrelation, spatial95

regression models can explore the phenomenon. Second, nonstationarity means that the correlation or
the regression between dependent and independent variables is not the same in all locations, and this is
because of the spatial heterogeneity in the whole study area (Zou, 2019). Using the conventional
regression model, such as OLS, which creates a single regression equation and uses it for the whole
study area, leads to errors in the results. This is because these traditional regression methods do not
consider spatial variation in the data and assume that parameters in the study area do not vary spatially
(Chakraborty et al., 2011; Gilbert & Chakraborty, 2011; Zou, 2019). Thus, using a single regression model
that represents the whole study area does not show a local variation (Chakraborty et al., 2011). Third,
the multicollinearity issue arises when the correlation between dependent and independent variables is
explained by the association among the independent variables themselves (Mansfield & Helms, 1982).
For example, environmental justice studies might find racial inequity or racial discrimination in certain
places since race and environmental risk are correlated (Mennis & Jordan, 2005; Pearce et al., 2006).
However, other factors, such as poverty and education levels (Pearce et al., 2006), class, land use,
income, and occupation (Mennis & Jordan, 2005) might explain this racial inequity.
4.2.5 How environment inequity studies estimated exposure
This section discusses the spatial and statistical methods that are used in environmental equity
studies to estimate exposure. Most of the previous studies used spatial coincidence, distance-based
analysis, pollution plume modeling, and land use regression as a spatial method to estimate exposure.
Besides the conventional regression statistic methods (i.e., Ordinary Least Squares), environmental
equity studies also used the simultaneous autoregressive (SAR) model and geographically weighted
regression (GWR) to deal with spatial data.
4.2.5.1 Spatial analysis methods
Environmental equity studies have mapped air pollution and exposure by using actual field
measurement of air pollution in a study area. Real measurement data could be acquired from
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monitoring stations that measure air pollution regularly (e.g., Jerret et al., 2001; Lome-Hurtado et al.,
2019; Moreno-Jimenez et al., 2016). Other studies conducted their own field sampling using various
measurement instruments and filters such as passive samplers (Stuart & Zeager, 2011) and active
samplers (Anselin, 1998). To map these actual measurements of air pollution point data to the whole
study area to examine exposure, studies commonly use interpolation methods. The most common
interpolation methods are universal kriging (e.g., Lome-Hurtado et al., 2019; Moreno-Jimenez et al.,
2016) and inverse distance weighting (IDW) (Moreno-Jimenez et al., 2016). Environmental equity studies
also use surrogate measures and different analytical air pollution measurement methods to examine
exposure. Instead of relying on actual measurement, environmental equity studies have estimated
exposure using a variety of methods, such as spatial coincidence, distance-based analysis, plume
modeling, and the land-use regression model (LUR) methods.
The spatial coincidence method is a traditional method used to describe a hazardous
phenomenon (e.g., pollution) present within a geographical unit (e.g., block groups, census tracts, zip
codes, neighborhoods, counties) and then examine whether a disproportionate distribution of air
pollution is, for example, among these different units (Chakraborty et al., 2011). Despite the simplicity of
this method, many previous environmental equity studies used it in addition to the buffer analysis
method (Bowen et al., 1995). The assumption of this method is that the people within the geographical
unit who host, for example a hazardous facility, are closer to this facility than people who are not in the
same unit. Thus, they are affected by it the most (Mohai & Saha, 2006).
This method, however, has several issues or gaps. First, choosing a geographical unit in such
studies greatly affects the outcomes because different unit sizes could give different results
(Chakraborty et al., 2011). Still, many studies selected their geographical units because it was the
smallest unit with available data (e.g., Brainard et al., 2002; Gilbert & Chakraborty, 2011; Landry &
Chakraborty, 2009; Pearce et al., 2006; Sheppard, 2002). This is because smaller units require less
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assumption of the variation of variables Bowen et al. (1995). Second, most studies do not consider the
quantity of the hazardous phenomena within a unit or compare it with other units (Chakraborty et al.,
2011). In other words, it does not calculate cumulative exposure (Jacobson et al., 2005). Third, this
method deals with a unit as a homogenous entity where any hazardous phenomena are distributed
evenly within its boundary, but in reality, this is not true (Chakraborty et al., 2011). Furthermore,
environmental risks such as air pollution cannot be limited by boundaries (Jacobson et al., 2005).
Researchers who use this method and rely on the emission and toxicity data must be aware of this when
choosing a geographical unit because determining the spatial range of these data is difficult (Jerrett et
al., 2001; Chakraborty et al., 2011).
Distance-based analysis, also called proximity analysis, tries to overcome the problems of the
spatial coincidence method. This method tries to determine the distance between the pollution sources
and the affected population. It assumes, in all cases, that risk decreases when the distance from
hazardous sources increases. Proximity to roads is associated with high health risk (Jacobson et al.,
2005). Based on previous studies, proximity analysis can be divided into two categories: the discretedistance-based method and the continuous-distance-based method. Many environmental equity studies
use proximity methods to estimate exposure, mainly the buffer analysis, which is a discrete-distancebased method (Maantay, 2007; Perlin et al., 2001), and continuous-distance-based methods (Buzzelli &
Jerrett, 2003; Chakraborty & Zandbergen, 2007; Cutter et al., 2013; Stuart, 2009). The results of these
studies support the hypothesis of environmental inequity in our society based on proximity to pollution
sources.
One problem or limitation mentioned in those studies that used buffers is the determination of
radius size, meaning results could change depending on buffer size (Pearce et al., 2006; Sheppard et al.,
1999). Therefore, selecting the appropriate buffer size is important and, at the same time, difficult
(Pearce et al., 2006). Another problem is that this method assumes that the population within the buffer
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is the affected population, and that there are no effects on those outside the buffer, which does not
happen in reality (Chakraborty et al., 2011). Finally, using buffers is problematic when trying to
characterize demographic data within them (Pearce et al., 2006). Usually, demographic units (e.g., block
groups, census tracts, counties, etc.) do not fit exactly within the buffer. Thus, three techniques are used
to overcome this issue: polygon containment, buffer containment, and centroid containment (Pearce et
al., 2006). These three methods determine what unit (e.g., block group) should be included or excluded
based on different assumptions.
One of the issues of the continuous-distance-based method is that it does not calculate
cumulative exposure (Jacobson et al., 2005). This means that this method is not able to identify multipollution sources that affect certain population groups or places and then calculate the exposure level
based on concentrations and the number of pollution sources as an additional factor. One other
limitation of the distance-based method is that it assumes that hazardous sources affect the
environment equally from all directions. Other factors affect hazards like pollution, such as
meteorological factors and the chemical and physical characteristics of the pollutants. This limitation
was considered in the plume modeling method, as stated in several studies (Jerrett et al., 2001;
Chakraborty et al., 2011).
The pollution plume modeling technique, which is also a buffer-based technique, tries to
determine the distribution and directions of the influence of hazardous sources (Chakraborty et al.,
2011). It also tries to better represent the distance-decay function of air pollution (Sheppard et al.,
1999). This can be done by considering the meteorological and pollutant characteristics data and
integrating air-dispersion models with GIS to estimate emission quantity and direction (Chakraborty &
Armstrong, 1997; Chakraborty et al., 2011; Sheppard et al., 1999). One limitation of this method is that
it requires a lot of data, such as chemical properties and meteorological condition data, to estimate.
Moreover, assuming that the land is flat will reduce the accuracy of the results. Also, using this model in
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large study areas is expensive (Jerrett et al., 2001; Chakraborty et al., 2011). This method is more
complicated and much more time consuming than other methods mentioned earlier.
Land use regression (LUR) is another method to estimate exposure. It represents air pollution as
the dependent variable, while land use and other variables such as traffic and physical environment are
independent variables (Su et al., 2009; Beckerman et al., 2013). Different studies (e.g., Beckerman et al.,
2013; Clark et al., 2014; Novotny et al., 2011; Su et al., 2009) have used different independent variables
along with land use (e.g., impervious surface, population density, tree canopy and vegetation cover,
distance to coast, road sizes and types, traffic volume). This statistical method calculates pollutant
concentrations of any location without physically measuring it by using a real measurement of air
pollution in some selected locations and relating (calibrating) it to land-use information around this
measurement using specific different buffer sizes (Novotny et al., 2011; Su et al., 2009). Afterward, this
equation between in situ measurement and land-use information can be applied to any area needed to
estimate air pollution and predict its concentrations without actual or physical measurement (Novotny
et al., 2011). A limitation of the LUR model is that it requires an exclusive monitoring network that
covers the study area (Novotny et al., 2011). Like any other model, the results of the LUR model are
sensitive to the data or the input. Becherman et al. (2013) stated that the independent variables used in
the model influence the results. Therefore, the model shows different results based on the input data
used by the analyst. Moreover, data unavailability is another issue (Novotny et al., 2011; Su et al., 2009).
This dissertation uses spatial coincidence method to examine the association between metals
concentrations obtained from Spanish moss and demographic data. This geographical unit is the
smallest unit with demographic data available. Mean concentrations of metal air pollutants will be
measured for each block group and correlated to demographic data.
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4.2.5.2 statistical methods
Environmental justice studies examine whether benefits and burdens (goods and bads) are
disproportionately distributed among different population groups in our communities. These studies
examined outcome equity and process equity using various statistical methods (Landry & Chakraborty,
2009). Because such studies deal with spatial data and correlations, choosing statistical methods that
are sensitive to spatial data and do not rely on standard statistical techniques that analyze nonspatial
data is important in some cases (Gilbert & Chakraborty, 2011). Different statistical analyses have been
used to overcome a geographical obstacle such as the spatial autoregressive (SAR) model and
geographically weighted regression (GWR).
Environmental equity studies (e.g., Gilbert & Chakraborty, 2011; Landry & Chakraborty, 2009;
Pham et al., 2012) used spatial-regression models to consider spatial dependence in their studies. One
of the most common spatial-regression models is the simultaneous autoregressive (SAR) model, which
considers spatial autocorrelation when examining the correlation between dependent and explanatory
variables, and it counts location as an additional explanatory variable with the other independent
variables in the study (Chakraborty et al., 2011; Lome-Hurtado et al., 2019). The SAR model examines
the change in independent variables that is caused by the change of values near its location. This is done
by creating a spatial weights matrix (Landry & Chakraborty, 2009).
As discussed earlier, when dealing with spatial data, nonstationarity is another problem that
analysists face. This is because conventional regression models assume that the places or geographical
units in the study area are similar, and they ignore spatial heterogeneity (Chakraborty et al., 2011;
Gilbert & Chakraborty, 2011). To resolve this issue of spatial variation, geographically weighted
regression (GWR) is used (Lersch and Hart, 2014), which is a local spatial statistical method that shows
spatial variation. More specifically, it shows how the regression model’s results vary from one location
(one geographical unit) to another. This method creates a unique set of regressions for each location
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(geographical unit) in the study area instead of using one global regression model (Chakraborty et al.,
2011; Fotheringham & Oshan, 2016; Gilbert & Chakraborty, 2011). Moreover, this method gives a higher
weight for values that are closer in distance than for those that are far from each other (Gilbert &
Chakraborty, 2011). The researcher must decide which method to use for weighing the observation,
shape, and size of the area surrounding the included observation (Gilbert & Chakraborty, 2011), which
are thresholds that could give different results.
Studies use multiple statistical methods to examine the correlation between environmental risks
and demographic variables and compare their results with one another (Landry & Chakraborty, 2009).
Usually, studies use the multi-regression analysis method at the beginning and test its results to see
whether a spatial-dependence effect is observed. If so, spatial-regression models such as SAR are used.
When using the multi-regression model in environmental justice studies, analysts can validate the
results to see whether they are biased because of spatial dependence by using other statistical methods.
One of the most common methods for validating bias is Moran’s I (Berland et al., 2015; Landry &
Chakraborty, 2009). This tool uses the regression residuals from the multi-regression model to examine
if spatial-autocorrelation effects exist in the results or not. If so, spatial-regression models are used, as in
previous studies (e.g., Lome-Hurtado et al., 2019; Schio et al., 2019; Zhoa et al., 2018). Before the
analysis, researchers quickly check the variables’ normality, defined as the normally distributed values of
a variable, and multicollinearity, defined as the relationships among some independent variables
(Landry & Chakraborty, 2009).
The majority of environmental equity studies (e.g., Lersch & Hart, 2014; Lome-Hurtado et al.,
2019; Moreno-Jimenez et al., 2016; Stuart & Zeager, 2011) examined criteria air pollutants (O3, Pb, PM,
SO2, NOx, and CO), while an examination of hazardous pollutants in these studies is rare in the literature
(usually metals are classified as hazardous pollutants). Fewer of these environmental equity studies
examined Hazardous Air Pollutants (HAPs) exposure (e.g., Chakraborty, 2009; Chakraborty, 2012;
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Morello-Frosch et al., 2001), but models are the common method used to estimate risk of exposure to
this type of pollutant category. To address this gap, this dissertation examined metal air pollution
exposure in the city of Tampa. This was done by measuring metal air pollution via metal concentrations
in Spanish moss samples that were collected in the study area.
Moreover, most of the environmental equity studies (e.g., Chakraborty, 2009; Chakraborty,
2012; Morello-Frosch et al., 2001) used models to estimate exposure. These studies did not conduct an
actual in-situ measurement and did not rely on monitoring station measurements. This is because in-situ
measurement is expensive for environmental equity studies that require a high density of measurement
points. Also, the network distribution of monitoring stations is very sparse, and they rarely can provide
enough spatial data to meet environmental equity study objectives. Thus, this dissertation addresses
this gap by using Spanish moss bioindicators to collect high spatial resolution data at low cost compared
to traditional methods. This method is suitable for environmental equity studies that look at spatial
variation in air pollutant concentrations.
4.3 Research question
Are air pollution metal concentrations as detected by the bioindicator disproportionately
distributed among different population groups in the city of Tampa? The hypothesis assumes that
certain population groups (i.e. living at poverty level, minorities, vulnerable people, etc.) are exposed to
higher levels of air pollution than other population groups in Tampa. Demographic data were obtained
from an American community survey (U.S. census, 2018) within the block groups that formed the
geographical units of the study. Air pollution concentrations were assigned to each block group.
Quantitative analysis was performed to examine the correlation between metal concentrations and
demographic data variables. Using bioindicators to measure air pollution is a robust method for
examining environmental justice, and is extremely rare, as stated in a few similar research papers
(Gurgatz et al., 2016; Occelli et al., 2016). As Miranda et al. (2011) noted, there are populations that are
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not considered in many studies because they live in rural areas where access to air pollution data is
difficult due to the unavailability of monitoring stations. The ubiquity of Spanish moss is therefore
expected to make it an effective bioindicator in this case because of the flexibility in selecting sampling
sites and the low budget required to collect high spatial resolution data compared to traditional
methods.
4.4 Methods
4.4.1 Study area and scope
The study was conducted in the city of Tampa, Florida (Figure 4.1), a U.S. city that hosts Spanish
moss. The climate of the study area is considered to be subtropical. The average temperature in the
region is around 22°C, and the city’s area is 285 km2. It is estimated that tree cover in Tampa is about
111.8 km2, or about 32% of the total land area (Landry et al., 2018). Minority populations form 56.3% of
the total population in the city of Tampa. The major minority population groups are African Americans
and Hispanics, and they form 24.1% and 26.7% of the total population, respectively (U.S. Census Bureau,
2018).
This study focuses on measuring hazardous air pollutants (HAPs), also called toxic air pollutants,
in Spanish moss samples. Specifically, the metals Ti, Cr, Mn, Co, Ni, Cd, Hg, Pb, As, and Sb are my metals
of interest. The Clean Air Act (CAA) authorized the Environmental Protection Agency (EPA) to regulate
HAPS. The EPA regulates a total of 187 toxic air pollutants. These pollutants are known to have serious
negative effects on public health and to cause various conditions such as cancer, birth defects,
respiratory diseases, immune system damage, and other serious health effects (Hazardous air
pollutants, 2017).
4.4.2 Data
As primary data, air pollution concentrations were measured using Spanish moss as an air
pollution bioindicator. The plant has been identified as a potential indicator of air pollution in previous
104

studies (e.g., Carreras & Pignata, 2002; Figueiredo et al., 2004; Li et al., 2012; Schrimpff, 1983; Wannaz
et al., 2006). This species does not have a root system that absorbs water, but the whole plant is instead
covered with scales that absorb moisture from the atmosphere (Garth, 1964), which make it sensitive to
air pollution.
Secondary data of this study are presented in Table 4.1. Census data for 2018 were obtained
from the American Community Survey (U.S. Census Bureau, 2018). The five-year data from 2014–2018 is
the only data provided at a block group scale. Thus, it was used for the purposes of this study. The
independent variables are race/ethnicity (Black and Hispanic); vulnerable populations (children under
five years old, the elderly (over 65 years old), and the disabled); and social stratification variables
(poverty level, median household income, household size, single-family units, bachelor’s degree holders,
and renters). These independent variables were included in this study because previous environmental
equity studies (e.g., Chakraborty et al., 2012; Lersch and Hart, 2014; Morello-Frosch et al., 2001; Stuart
et al., 2012; Zou et al., 2014) found associations between them and air pollution levels. For example,
these studies found that African Americans and low-income population groups were disproportionately
exposed to high levels of air pollution. Other studies (e.g., Lome-Hurtado et al., 2019; Moreno-Jimenez
et al., 2016; Pearce et al., 2006) showed that vulnerable population groups such as children and the
elderly were associated with high levels of air pollution. Social stratification variables such as median
household size, house ownership and single-family unit can indicate wealth level, as previous studies
stated (Burch et al., 2004; Gilbert & Chakraborty, 2011; Morello-Frosch et al., 2001). Thus, it could be
helpful to examine such variables.
A parcel shapefile layer that shows the addresses of buildings was obtained from the
Hillsborough County property appraiser (GIS data, 2019). This kind of data was used to locate sampling
sites using the address information. An existing land use shapefile layer was obtained from the Plan
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Hillsborough website (Existing land use, 2019) to help identify residential zones in the study area. Urban
tree cover data were obtained from a previous study (Landry et al., 2018).

Figure 4.1. Study area, the City of Tampa, and randomly selected block groups.
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Table 4.1. Secondary data: census 2014-2018, tree cover, major roads, Tampa shapefile, parcels, and
land use data.
Data (year)
Census
(2018)
Tree cover
Major roads
Tampa base
map
Parcels
(2019)
Existing Land
Use data
(2019)

Description
Census data at block group level. Five
years estimates (2014-2018).
Urban tree cover, Tampa, FL.
Major roads include highways,
secondary highways, local connecting
roads and ramps.
Tampa boundary

Source
Census Bureau, 2018

Parcel layer

Hillsborough county property appraiser

Shapefile layer shows land uses

Plan Hillsborough

Landry et al., 2018
USGS, 2019
Tampa boundary, 2019

4.4.3 Sampling and metal extraction
Most of the previous environmental equity studies selected the smallest geographical units
(e.g., Brainard et al., 2002; Gilbert & Chakraborty, 2011; Lome-Hurtado et al., 2019). This study used the
block group unit as the smallest available geographical unit to examine environmental equity and
exposure to metals. A total of 60 block groups was selected randomly to represent the number of block
group samples in Tampa. Each block group was assigned a single pollution measurement (averaged from
three Spanish moss samples collected randomly in each block group) to be correlated with demographic
data. To randomly select block groups and Spanish moss sampling sites, several steps were applied:
block group exclusion, block group classification, block group random selection, and sampling site
random selection within each block group unit. This sampling methodology was explained in more
details in Chapter 3 of this dissertation.
To collect homogenized Spanish moss samples, a sample collection protocol and lab
preparations were designed based on the literature. Details can be found in Chapter 3 of this
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dissertation. The metal extraction method was taken and modified from Binder et al. (2018), who used a
technique to digest organic material. The digestion method is similar to methods used in many other
previous studies in terms of acid mixture (e.g., Cardoso-Gustavson et al., 2015; Carreras & Pignata, 2002;
Goix et al., 2013; Pellegrini et al., 2014; Pignata et al., 2002). The EPA digestion method 3052, which
deals with organic materials, was also taken as a reference to modify this method (Method 3052, 1996).
This study’s digestion method involves a mixture of nitric acid (HNO3), hydrogen peroxide acid (H2O2),
hydrochloric acid (HCl), and hydrofluoric acid (HF). After converting samples into solution, ICP-MS was
used to measure metal concentrations in µg/g dry weight base. To check analytical quality, two standard
reference materials (SRMs) were used: spinach leaves (1570a) and apple leaves (1515), both obtained
from the National Institute of Standards and Technology (standard reference material, 2019).
Instrument accuracy has an error of less than 3% for all metals, except for Hg. Method accuracy has an
error % for each metal separately (Cr<-305%; Mn<20%; Co<-39%; Pb<24%; Ni<-44; Cd<-25 and Sb<237%). The mercury and arsenic method accuracies were not accepted. The precision of my data is
below 7% relative standard deviation (RSD) for all the elements of interest except for Hg. More details
about metal analysis and quality assurance can be found in Chapter 3 of this dissertation.
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Figure 4.2. Procedures: sample collection, laboratory preparation, and metal analysis

4.4.4 Statistical analysis
This project aims to examine whether the distribution of metal air pollutants in Spanish moss is
statistically associated with certain population groups in the city of Tampa, Florida. All my independent
variables were calculated as percentages except for median household income and average household
size. My statistical analysis consisted of three steps. First, Spearman’s correlation was performed to
examine the correlation between the dependent variables (types of metals) and the independent
variables. Second, multi-linear regression analysis was performed for each metal individually with the
independent variables. Two linear regression models were used. The first model was the full model,
which includes all the independent variables in the regression equation. The second method was the
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backward step-wise model, which creates a number of models. At first, it runs a full model. After that it
will start eliminating variables starting with the weakest independent variables that contribute to the
regression equation less, one at a time. (eliminate the weakest, second weakest, third weakest etc.). The
criterion of elimination is based on the value of alpha-to-remove (a variable will be eliminated if its pvalue is equal or greater then). For this study, the value was set to 0.10 (default). Thus, at the end
backward step-wise yields a model with independent variables that have the strongest correlations with
the dependent variable. Third, using the residuals (errors) from multi-regression models of both
methods, the Moran’s I test was performed to examine whether there was any spatial dependence due
to the spatial autocorrelation phenomenon (in my case, there was no spatial dependence). Before
analyzing the data, I examined their normality to check my data distribution (most of my variables were
not normally distributed based on the Kolmogorov and Shapiro normality tests). I also checked for
collinearity in my independent variables. My final set of independent variables, which were run through
regression models, had no collinearity.
4.5 Results
4.5.1 Descriptive Statistics
This section presents a summary of descriptive statistics of the dependent variables, which are
the metals of interest (Ti, Cr, Mn, Co, Ni, Cd, Hg, Pb, As, and Sb), and the independent variables, which
are the demographic data and tree cover. Table 4.2 shows descriptive statistics mean and standard
deviation of the independent variables. The data are calculated and presented in percentage base
except for average household size and median household income. These are descriptive data for only 60
randomly selected block groups in Tampa, which comprises my number of samples. This provides a
rough estimate of the reliability of the samples in representing the study area.
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Table 4.2. Descriptive statistics of the independent variables.
Variables set
Variables
Race/ethnicity PCT_Black
PCT_Hisp
Social
stratification

Medhhinc
PCT_Pov
PCT_Bachlr
Ave_hh_sz
Renter_PCT
PCT_SF_unit

Vulnerable
groups

PCT_Dis20
Age<5_PCT
Age>65_PCT

Description
African American
alone %
Hispanic or Latino
alone %
Median household
income ($/year)
people below poverty
level %
People with
bachelor’s degree %
Average household
size (person/hh)
Renter occupied
housing units %
Single Family housing
units %
People With a
disability %
Children Under 5
years old %
elderly over 65 years
old %

Tampa stat.
Mean
Stdv
23.8
26.1

Sample Stat.
Mean
Stdv
24.8
27.1

26.7

19.2

24.9

17.5

58,056

43,394

61,073

39,999

19.8

16.9

18.6

15.5

15.3

10.2

15.4

9.8

2.4

0.5

2.5

0.5

48.4

27.2

43.8

24.7

65.7

32

71.9

30.3

11

8.6

11.1

8.8

6.2

4.8

6.3

5.4

13.5

9

13.1

7.1

Table 4.3 presents descriptive statistics about metal concentrations of 174 samples collected in
the 60 randomly selected block groups in Tampa. As shown in Table 4.4, the mean concentrations of
metals in this study were compared to previous studies that measured metal concentrations in Spanish
moss samples. The comparison shows that the mean concentrations in this study are within the range of
mean concentrations in previous studies (e.g., Cardoso-Gustavson et al., 2015; Figueiredo et al., 2001;
Martinez-Carrillo et al., 2010; Pellegrini et al., 2014; Vianna et al., 2010). Previous studies (e.g.,
Figueiredo et al., 2001) might have very high concentrations compared to my mean concentrations. This
is expected because most of the studies were testing the capability of Spanish moss as an air pollution
bioindicator and utilized samples collected in very polluted areas—e.g., Figueiredo et al. (2001)
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mentioned that samples were collected at highly polluted sites in Sao Paulo, a large industrialized city in
Brazil. This comparison is not to show data accuracy or precision, but only to determine if my data is
within the range of the data in the literature.

Table 4.3. Descriptive statistics for metals condensations µg/g.
Metals
Min
Max
Mean
Stdv
Titanium (Ti)
11.94
64.27
32.03
11.15
Chromium (Cr)
21.63
83.06
44.80
15.12
Manganese (Mn) 12.68
55.98
23.57
8.77
Cobalt (Co)
0.66
62.98
5.22
10.42
Nickel (Ni)
10.01
33.46
19.90
5.97
Cadmium (Cd)
0.04
0.24
0.13
0.04
Mercury (Hg)
0
0.15
0.02
0.04
Lead (Pb)
0.33
5.02
2.14
1.09
Arsenic (As)
0.13
1.86
0.46
0.26
Antimony (Sb)
0.16
2.19
0.63
0.32
Detection limit ppb: Ti=1.86; Cr=2.12; Mn=0.69; Co=0.31; Ni=0.32; Cd=0.28; Hg=8.07; Pb=0.39; As=0.5;
and Sb=0.25.
Table 4.4. Comparing the mean concentration µg/g value of the whole study to previous studies.
Metals

This
study

Ti
Cr
Mn
Co
Ni
Cd
Pb
As
Sb

32.03
44.8
23.57
5.22
19.9
0.13
2.14
0.46
0.63

(Figeurido
et al.,
2001)
169.6
4.6
249.3
1.3

0.4
0.95

Martinez-Carrillo
et al., 2010)
33
4.9
66
2.4

(Vianna
et al.,
2010)

(Pellegrini
et al.,
2014)

CardosoGustavson et al.,
2015)

2.775

2.7
17.3
0.12
3
0.14
3
0.2
0.26

35

0.24
6.75

6
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17.5
7.5
1.7

4.5.2 Statistical analysis results
The statistical methods used in this study to examine the relationship between metal
concentrations and the independent variables are the Spearman’s correlation and linear multiregression. Moran’s I test was performed to examine whether the regression model suffered from
spatial autocorrelation. The Spearman’s correlation coefficients of all metals with independent variables
are summarized in Table 4.5. The linear regression statistics, utilizing the full model and backward stepwise model, are presented for each metal individually in Tables 4.6 through 4.12. A map of each
individual metal’s mean concentration was presented in Figures 4.3 through 4.9, along with the
independent variables that show significant association in linear regression. The metals’ mean
concentration maps show the mean concentrations of the three samples collected randomly within each
block group. The only metal that did not show any significant associations with any of the independent
variables was manganese.
4.5.2.1 Lead (Pb)
The Spearman’s correlation results (Table 4.5) show that lead (Pb) metal concentration has a
positive association with percent in poverty (P < 0.01), African American percentage (P < 0.001),
percentage of people with disabilities (P < 0.01), and road density (P < 0.001). A negative association is
found between Pb concentration and median household income (P < 0.01) and percentage of people
with a bachelor’s degree (P < 0.01). The coefficients indicate that road density and percentage of African
American variables have the strongest associations with Pb metal mean concentration among other
independent variables (0.456 and 0.436, respectively).
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Table 4.5. Spearman's coefficients of the relationships between metals concentrations and independent
variables. (N = 60).
Variables
PCT_Black
PCT_Hisp

Ti
.338*
*
0.006

Cr
.336*
*
-0.073

Medhhinc

-0.21

-0.248

PCT_Pov

0.238

PCT_Bachlr

.333*
*
-0.2

-.310*

0.015
-0.13

Ave_hh_sz

0.009

0.006

0.155

Renter_PCT

0.129

0.114

PCT_SF_uni
t
PCT_Dis20

-0.079

-0.094

0.016
0.093

-0.064

0.244

0.23

0.064

.313*

AGE<5 PCT

-0.091

-0.074

-0.03

AGE>65
PCT
Road_DEN

0.054

0.068

0.092
0.002

.401*
*
-0.099

.295*

Tree PCT

0.1

Mn
0.212

Co
.316*

Ni
.289*

0.139
0.02

0.049

0.103
0.213
0.218

0.061
0.086

-.313*
0.209
0.254
*
0.134

Cd
.349*
*
-0.005
-0.18
0.226

Hg
0.07
0.106

Pb
.436**
*
0.199

0.104
0.235

-.334**
.388**

0.245

-0.199

0.004

-.352**

0.039
0.116

-0.035

0.174
0.134

-0.044

0.122
0.161

-0.152

-0.045

-0.155

-.285*

0.099
0.083

0.039

.280*

.301*

0.046
0.021
.328*
0.141
0.076

0.1

0.018

-0.246

0.209

*P<0.05; **P<0.01; ***P<0.001.
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0.208

0.116

0.168

0.184

0.172

.351**
-0.125
0.056
.456**
*
-0.097

As
0.232

Sb
0.244

0.151
0.064
0.023
0.135

0.077
-.268*
.344*
*
-0.125

0.183
0.066

-0.114

0.111
0.128

-0.191

0.064
0.148

0.033
-0.017

0.144

.308*

0.059

.432*
*

0.246

0.178

Table 4.6. Linear regression results of full model and backward step-wise model of Pb metal
concentrations µg/g and independent variables in the study area.
Lead (Pb)
Variables set

Variables
Constant
Race/ethnicity PCT_Black
PCT_Hisp
Social
Medhhinc
stratification
PCT_Pov
PCT_Bachlr
Ave_hh_sz
Renter_PCT
PCT_SF_unit
Vulnerable
PCT_Dis20
groups
Age<5 PCT
Age>65 PCT
Others
Road_DEN
Tree PCT
Adjusted R2
F static.
Moran's I
*P<0.05; **P<0.01; ***P<0.001

Full model
Coefficients (Stand coeff.)
5.589
0.029 (0.722)**
0.017 (0.273)
5.16E-06 (0.188)
-0.009 (-0.133)
-0.031 (-0.282)
-1.647 (-0.769)***
-0.005 (-0.12)
0.013 (0.356)
-0.005 (-0.043)
0.003 (0.016)
-0.041 (-0.27)*
227.636 (0.332)**
-0.01 (-0.118)
0.426
4.373***
0.061887*

Backward step-wise model
Coefficients (Stand coeff.)
3.679
0.023 (0.565)***
0.013 (0.206)*

-1.313 (-0.613)***
0.015 (0.424)**

-0.032 (-0.209)
248.621 (0.363)**
0.449
9.018***
0.0533

Table 4.6 shows a summary of the linear regression results of Pb metal concentration in Spanish
moss with the independent variables. Figure 4.3 shows Pb mean concentration and the independent
variables associated with it in block group geographical scale. The adjusted R-squared values for both
the regression full model and the backward step-wise model are a good fit for both models (0.42 and
0.44, respectively). Both models show significance with P < 0.001. The Moran’s I value of both models is
very low, which indicates that the data do not suffer from spatial dependence. Percentage of black is
positively associated with Pb metal concentrations in the full model (0.029**) and the backward stepwise model (0.023***). Percent in Hispanic is positively associated with the backward step-wise model
only (0.013*). Average household size is associated negatively with Pb metal concentrations in both the
full model (-1.647***) and the backward step-wise model (-1.313***). Single-family unit is associated
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positively with Pb in the backward step-wise model only (0.015**). The elderly percentage is negatively
associated with Pb metal concentrations in the full model only (-0.041*). Road density is positively
associated with Pb metal concentrations in the full model (227.6**) and the backward step-wise model
(248.6**).
Among all variables, the results showed that average household size has the strongest
association with Pb metal concentrations in both full and backward step-wise models with standard
coefficients of -0.769 and -0.613, respectively. The second strongest association with Pb concentrations
is percentage of black with 0.722 and 0.565 standard coefficients for both models, respectively. Pb
metal concentrations is associated with percentage of black, average household size, renter’s
percentage and elderly population even after controlling for a road density
4.5.2.2 Antimony (Sb)
The Spearman’s correlation results, shown in Table 4.5, indicate that there is a significant
increase in antimony (Sb) metal mean concentration with an increase in percent in poverty (P < 0.01)
and road density (P < 0.05). On the other hand, Sb mean concentration decreases significantly with an
increase in median household income (P < 0.01) and tree cover percentage (P < 0.001). The coefficients
show that tree cover percentage (-0.432) is the strongest variable that predicts Sb metal mean
concentration.
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Figure 4.3. Map (a) showing the mean concentrations µg/g of lead (Pb) metal. Maps (b-g) showing the
independent variables at a block group scale.
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Table 4.7. Linear regression results of full model and backward step-wise model of Sb metal
concentrations µg/g and independent variables in the study area.
Antimony(Sb)
Variables set

Variables
Constant
Race/ethnicity PCT_Black
PCT_Hisp
Social
Medhhinc
stratification
PCT_Pov
PCT_Bachlr
Ave_hh_sz
Renter_PCT
PCT_SF_unit
Vulnerable
PCT_Dis20
groups
Age<5 PCT
Age>65 PCT
Others
Road_DEN
Tree PCT
Adjusted R2
F static.
Moran's I
*P<0.05; **P<0.01; ***P<0.001

Full model
Coefficients (Stand coeff.)
2.568
0.006 (0.508)*
0.004 (0.239)
-1.28E-06 (-0.157)
-0.008 (-0.377)
-0.016 (-0.491)*
-0.444 (-0.699)**
-0.002 (-0.155)
0.003 (0.322)
-0.013 (-0.361)*
0.002 (0.039)
-0.02 (-0.434)**
20.679 (0.102)
-0.01 (-0.392)*
0.248
2.5*
-0.00256

Backward step-wise model
Coefficients (Stand coeff.)
2.526

-0.022 (-0.669)***
-0.435 (-0.684)**
0.004 (0.398)*
-0.009 (-0.245)
-0.017 (-0.371)*
-0.011 (-0.448)**
0.249
4.269**
0.007724

Table 4.7 shows the results of linear regression, using the full model and backward step-wise
model, for Sb metal concentration in Spanish moss with independent variables. Maps of Sb metal mean
concentration and independent variables that have significant associations are presented in Figure 4.4.
The adjusted R-squared values for both models are reasonably good fits (0.24 and 0.24, respectively).
The models show a significant F value (P < 0.05 and P < 0.01, respectively). The Moran’s I value is very
low, which indicates that the data do not suffer from spatial dependence. Percent black shows a positive
association with Sb metal concentrations in the full model (0.006*). Percentage of people with a
bachelor’s degree is associated negatively with Sb metal concentrations in both the full model (-0.016*)
and the backward step-wise model (-0.022***). Average household size is associated negatively with Sb
in the full model (-0.444**) and the backward step-wise model (-0.435**). Single-family unit has a
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positive association with Sb metal concentrations in the backward step-wise model (0.004*). Percent
people with disabilities is associated negatively with Sb metal concentrations in the full model only (0.013*). The elderly percentage shows a negative association with Sb in both the full model (-0.02**)
and the backward step-wise model (-0.017*). Finally, tree cover percentage is negatively associated with
Sb metal concentrations in both the full model (-0.01*) and the backward step-wise model (-0.011**).
4.5.2.3 Cadmium (Cd)
Spearman’s correlation results in Table 4.5 show that cadmium (Cd) metal mean concentration
is positively associated with African American percentage (P < 0.01) and road density (P < 0.05). The
linear regression models (full model and backward step-wise model) for Cd are presented in Table 4.8.
Maps of Cd metal mean concentrations and independent variables that have significant associations are
presented in Figure 4.5. The adjusted R-squared values for both models are reasonably good (0.24 and
0.29, respectively). Both linear regression models show significance (P < 0.05 and P < 0.001,
respectively). The very low Moran’s I values indicate that the data do not suffer from any spatial
dependence. Percent black has a positive association with Cd metal concentrations in both the full
model (0.001**) and the backward step-wise model (0.001***). Average household size is negatively
associated with Cd metal concentrations in the backward step-wise model (-0.026*). Renter percentage
shows a negative association with Cd in the backward step-wise model (-0.001*). Finally, Percent in tree
cover show a negative association with Cd metal concentrations in both the full model (-0.001*) and the
backward step-wise model (-0.001**).
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Figure 4.4. Map (a) showing the mean concentrations µg/g of antimony (Sb) metal. Maps (b-h) showing
the independent variables at a block group scale.

120

Table 4.8. Linear regression results of full model and backward step-wise model of Cd metal
concentrations µg/g and independent variables in the study area.
Cadmium(Cd)
Variables set

Variables
Constant
Race/ethnicity PCT_Black
PCT_Hisp
Social
Medhhinc
stratification
PCT_Pov
PCT_Bachlr
Ave_hh_sz
Renter_PCT
PCT_SF_unit
Vulnerable
PCT_Dis20
groups
Age<5 PCT
Age>65 PCT
Others
Road_DEN
Tree PCT
Adjusted R2
F static.
Moran's I
*P<0.05; **P<0.01; ***P<0.001

Full model
Coefficients (Stand coeff.)
0.252
0.001 (0.717)**
0 (0.146)
3.39E-07 (0.291)
0 (0.044)
-0.001 (-0.166)
-0.035 (-0.38)
0 (-0.218)
6.14E-05 (0.04)
0 (-0.044)
-0.001 (-0.149)
2.92E-05 (0.004)
2.062 (0.071)
-0.001 (-0.387)*
0.246
2.479*
0.053365

121

Backward step-wise model
Coefficients (Stand coeff.)
0.263
0.001 (0.647)***

-0.026 (-0.284)*
-0.001 (-0.346)*

-0.001 (-0.407)**
0.292
7.077***
0.072806*

Figure 4.5. Map (a) showing the mean concentrations µg/g of cadmium (Cd) metal. Maps (b-e) showing
the independent variables at a block group scale.
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4.5.2.4 Cobalt (Co)
When performing Spearman’s correlation, the results in Table 4.5 show that cobalt (Co) metal
mean concentration has a positive association with African American percentage (P < 0.05) and
percentage of people with disabilities (P < 0.05). Negative associations are found between the Co mean
concentration and median household income (P < 0.05), percentage of people with a bachelor’s degree
(P < 0.05), and the elderly population percentage (P < 0.05). The coefficients indicate that all mentioned
variables show similar strength of association, but median household income and percentage of people
with disabilities show the strongest associations (-0.313 and 0.313, respectively).
Table 4.9 shows a summary of the results of linear regression for Co metal concentrations with
independent variables. Maps of Co metal mean concentration and independent variables that show
significance are presented in Figure 4.6. For the full model and backward step-wise model, the adjusted
R-squared (0.2 and 0.25, respectively) are reasonably good fits, and the models are significant (P < 0.05
and P < 0.001, respectively). The Moran’s I values are very low, which rules out any spatial
independence in the data. Only two variables were found associated with Co metal concentrations.
Average household size is positively associated with Co in both the full model (11.46*) and the backward
step-wise model (11.153). Also, single-family unit shows a negative association with Co metal
concentrations in the full model (-0.21*) and the backward step-wise model (-0.213***).
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Table 4.9. Linear regression results of full model and backward step-wise model of Co metal
concentrations µg/g and independent variables in the study area.
Cobalt (Co)
Variables set

Variables
Constant
Race/ethnicity PCT_Black
PCT_Hisp
Social
Medhhinc
stratification
PCT_Pov
PCT_Bachlr
Ave_hh_sz
Renter_PCT
PCT_SF_unit
Vulnerable
PCT_Dis20
groups
Age<5 PCT
Age>65 PCT
Others
Road_DEN
Tree PCT
Adjusted R2
F static.
Moran's I
*P<0.05; **P<0.01; ***P<0.001

Full model
Coefficients (Stand coeff.)
-6.999
0.104 (0.27)
0.058 (0.098)
-8.16E-05 (-0.313)
-0.113 (-0.169)
0.151 (0.143)
11.46 (0.563)*
-0.042 (-0.099)
-0.21 (-0.612)*
-0.155 (-0.132)
-0.248 (-0.129)
-0.189 (-0.13)
-401.732 (-0.062)
0.184 (0.227)
0.2
2.137*
-0.00543
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Backward step-wise model
Coefficients (Stand coeff.)
-14.548

11.153 (0.548)***
-0.213 (-0.62)***

0.18 (0.221)
0.259
7.867***
0.035991

Figure 4.6. Map (a) showing the mean concentrations µg/g of cobalt (Co) metal. Maps (b-c) showing the
independent variables at a block group scale.
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4.5.2.5 Nickel (Ni)
The Spearman’s correlation results (Table 4.5) reveal that nickel (Ni) metal mean concentration
is positively associated with African American percentage (P < 0.05) and the elderly population
percentage (P < 0.05). In Table 4.10, the linear regression is shown for Ni with independent variables
using two models. The full model is not significant, with an adjusted R-squared equal to -0.002. On the
other hand, the backward step-wise model is significant (P < 0.05) but with a very low adjusted Rsquared (0.08), which indicate that the results for this model are not very robust. The Moran’s I value is
not significant, which suggests that the data do not suffer from spatial dependence. The results for the
backward step-wise model show that Ni metal concentration is negatively associated with average
household size (-3.473*) and percentage of people with a bachelor’s degree (-0.24**). The Ni mean
concentrations and independent variables are shown in Figure 4.7.

Table 4.10. Linear regression results of full model and backward step-wise model of Ni metal
concentrations µg/g and independent variables in the study area.
Nickel (Ni)
Variables set

Variables
Constant
Race/ethnicity PCT_Black
PCT_Hisp
Social
Medhhinc
stratification
PCT_Pov
PCT_Bachlr
Ave_hh_sz
Renter_PCT
PCT_SF_unit
Vulnerable
PCT_Dis20
groups
Age<5 PCT
Age>65 PCT
Others
Road_DEN
Tree PCT
Adjusted R2
F static.
Moran's I
*P<0.05; **P<0.01; ***P<0.001

Full model
Coefficients (Stand coeff.)
38.256
0.036 (0.164)
-0.046 (-0.135)
8.51E-06 (0.057)
0.025 (0.065)
-0.29 (-0.478)
-4.704 (-0.404)
-0.027 (-0.11)
0.006 (0.029)
-0.103 (-0.153)
-0.062 (-0.056)
-0.039 (-0.047)
402.464 (0.108)
-0.006 (-0.014)
-0.022
0.904
0.028887
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Backward step-wise model
Coefficients (Stand coeff.)
32.403

-0.24 (-0.395)**
-3.473 (-0.298)*

0.089
3.889*
0.056336

Figure 4.7. Map (a) showing the mean concentrations µg/g of nickel (Ni) metal. Maps (b-c) showing the
independent variables at a block group scale.
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4.5.2.6 Titanium (Ti)
The Spearman’s correlation results in Table 4.5 show that titanium (Ti) metal mean
concentration is positively associated with African American percentage (P < 0.01), percent in poverty (P
< 0.01), and road density (P < 0.01). The coefficients indicate that the road density variable has the
strongest association (0.401) with Ti metal mean concentration.

Table 4.11. Linear regression results of full model and backward step-wise model of Ti metal
concentrations µg/g and independent variables in the study area.
Titanium (Ti)
Full model
Backward step-wise model
Variables set
Variables
Coefficients (Stand coeff.) Coefficients (Stand coeff.)
Constant
42.433
30.313
Race/ethnicity PCT_Black
0.103 (0.25)
0.118 (0.288)*
PCT_Hisp
-0.058 (-0.092)
Social
Medhhinc
1.03E-05 (0.037)
Stratification
PCT_Pov
0.054 (0.075)
PCT_Bachlr
-0.072 (-0.064)
Ave_hh_sz
-6.941 (-0.319)
Renter_PCT
0.059 (0.131)
PCT_SF_unit
0.125 (0.339)
Vulnerable
PCT_Dis20
0.027 (0.022)
groups
Age<5 PCT
-0.443 (-0.215)
-0.479 (-0.233)
Age>65 PCT
-0.2 (-0.128)
Others
Road_DEN
1810.223 (0.26)
2048.304 (0.294)*
Tree PCT
-0.065 (-0.074)
Adjusted R2
0.032
0.151
F static.
1.148
4.49**
Moran's I
0.065986
0.092059**
*P<0.05; **P<0.01; ***P<0.001

In Table 4.11, the linear regression is shown for Ti with independent variables using two models.
The full model has a low adjusted R-squared (0.03) and insignificant F statistic, which indicates that the
concentration of Ti metal is not predicted by the variables. On the other hand, the backward step-wise
model shows significance (P < 0.01) and low R-squared (0.15) that suggest the results are not robust.
The Moran’s I value is very low, which indicates that the model does not suffer from any spatial
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dependence. The model shows that Ti metal concentration has a positive association with percentage
black (0.118*) and road density (2048*). These maps are shown in Figure 4.8.

Figure 4.8. Map (a) showing the mean concentrations µg/g of titanium (Ti) metal. Maps (b-c) showing
the independent variables at a block group scale.
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4.5.2.7 Chromium (Cr)
The Spearman’s correlation results in Table 4.5 indicate that chromium (Cr) metal mean
concentration is positively associated with African American percentage (P < 0.01) and road density (P <
0.05), while it is negatively associated with percentage of people with a bachelor’s degree (P < 0.01). The
linear regression models for Cr metal concentrations are represented in Table 4.12. The full model is not
significant and shows a low adjusted R-squared. The backward step-wise model is significant (P < 0.05)
and has a low adjusted R-squared (0.11), which suggests that the results are not robust. The Moran’s I
value of this model is very low, which indicates that there is no spatial dependence in the data. The
backward step-wise model shows that Cr metal concentration has a negative association with
percentage of people with a bachelor’s degree (-0.693**). The maps are shown in Figure 4.9.

Table 4.12. Linear regression results of full model and backward step-wise model of Cr metal
concentrations µg/g and independent variables in the study area.
Chromium(Cr)
Variables set

Variables
Constant
Race/ethnicity PCT_Black
PCT_Hisp
Social
Medhhinc
Stratification
PCT_Pov
PCT_Bachlr
Ave_hh_sz
Renter_PCT
PCT_SF_unit
Vulnerable
PCT_Dis20
groups
Age<5 PCT
Age>65 PCT
Others
Road_DEN
Tree PCT
Adjusted R2
F static.
Moran's I
*P<0.05; **P<0.01; ***P<0.001

Full model
Coefficients (Stand coeff.)
85.425
0.083 (0.149)
-0.134 (-0.156)
-2.89E-05 (-0.076)
0.026 (0.027)
-0.698 (-0.454)
-9.634 (-0.326)
-0.066 (-0.108)
0.007 (0.013)
-0.238 (-0.14)
-0.237 (-0.085)
-0.111 (-0.053)
1240.909 (0.131)
0.106 (0.09)
0.013
1.06
0.016989
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Backward step-wise model
Coefficients (Stand coeff.)
75.816

-0.693 (-0.452)**
-8.016 (-0.272)

0.117
4.927*
0.043664

Figure 4.9. Map (a) showing the mean concentrations µg/g of Chromium (Cr) metal. Map (b) showing
the independent variable at a block group scale.
4.5.3 Qualitative results
Among the 10 metals measured in this study, arsenic and mercury did not show a promising
method accuracy in laboratory analysis. However, instrument accuracy and precision were good for
arsenic. Instrument accuracy was fairly good for mercury, but the precision had a very high RSD%. Thus,
because these results are partially good, statistical analyses to examine environmental equity to these
two metals were performed. Although the results could be examined and interpreted, they were
analyzed qualitatively only. Surprisingly, both metals showed similar trends to other metals when
examining the degree and strength of association with independent variables. So, their statistical results
are presented here just to show this similarity and judge them qualitatively.
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Table 4.13. Linear regression results of full model and backward step-wise model of Hg metal
concentrations µg/g and independent variables in the study area.
Mercury (Hg)
Variables set

Constant
Race/ethnicity PCT_Black
PCT_Hisp
Social
Medhhinc
Stratification
PCT_Pov
PCT_Bachlr
Ave_hh_sz
Renter_PCT
PCT_SF_unit
Vulnerable
PCT_Dis20
groups
Age<5 PCT
Age>65 PCT
Others
Road_DEN
Tree PCT
Adjusted R2
F static.
Moran's I
*P<0.05; **P<0.01; ***P<0.001

Full model
Coefficients (Stand coeff.)
0.252
0 (0.11)
0 (0.063)
-6.34E-08 (-0.061)
0.001 (0.481)*
-0.001 (-0.316)
-0.039 (-0.478)*
-0.001 (-0.366)
0 (-0.086)
-0.002 (-0.343)*
-0.001 (-0.123)
-0.002 (-0.417)**
-4.286 (-0.166)
-0.001 (-0.331)*
0.245
2.471*
0.005888

Backward step-wise model
Coefficients (Stand coeff.)
0.099

0.001 (0.471)**
-0.026 (-0.318)**

-0.001 (-0.219)
-0.002 (-0.262)*

0.223
5.224**
0.062677*

Table 4.13 shows the linear regression results for mercury (Hg) metal. The adjusted R-squared is
reasonably good for both the full model and the backward step-wise model (0.24 and 0.22,
respectively), and the models are significant (P < 0.05 and P < 0.01, respectively). The Moran’s I values
show that the data do not suffer from any spatial dependence. Percent in poverty shows a positive
association with Hg metal concentrations in the full model (0.001*) and the backward step-wise model
(0.001**). Average household size is negatively associated with Hg in both the full model (-0.039*) and
the backward step-wise model (-0.026**). Percentage of people with disabilities shows a negative
association with Hg metal concentrations in the full model (-0.002*). The elderly percentage is
negatively associated with Hg in the full model (-0.002**) and the backward step-wise model (-0.002*).
Finally, percent in tree cover is associated negatively with Hg in the full model only (-0.001*).
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Table 4.14. Linear regression results of full model and backward step-wise model of As metal
concentrations µg/g and independent variables in the study area.
Arsenic (As)
Variables set

Variables
Constant
Race/ethnicity PCT_Black
PCT_Hisp
Social
Medhhinc
stratification
PCT_Pov
PCT_Bachlr
Ave_hh_sz
Renter_PCT
PCT_SF_unit
Vulnerable
PCT_Dis20
groups
Age<5 PCT
Age>65 PCT
Others
Road_DEN
Tree PCT
Adjusted R2
F static.
Moran's I
*P<0.05; **P<0.01; ***P<0.001

Full model
Coefficients (Stand coeff.)
2.132
0 (0.013)
-0.006 (-0.382)
-9.28E-07 (-0.138)
-0.003 (-0.171)
-0.018 (-0.675)
-0.221 (-0.42)
-0.004 (-0.376)
0 (-0.025)
-0.005 (-0.167)
0.001 (0.023)
0.001 (0.014)
-20.412 (-0.121)
-0.008 (-0.382)
0.09
1.45
-0.00935

Backward step-wise model
Coefficients (Stand coeff.)
1.872
-0.005 (-0.358)**

-0.015 (-0.542)**
-0.235 (-0.447)**
-0.004 (-0.371)*

-0.007 (-0.329)*
0.117
3.534**
0.006537

Linear regression models for As are presented in Table 4.14. The full model is not significant,
with a low adjusted R-squared. On the other hand, the backward regression model shows a significant F
statistic (P < 0.01) with a reasonably good adjusted R-squared (0.11). The Moran’s I value shows no
significance, which suggests that the data do not suffer from any spatial dependence. The results of the
backward regression model reveal that the As concentration is negatively associated with average
household size (-0.235**), percentage of people with a bachelor’s degree (-0.015**), Hispanic
percentage (-0.005**), percent in tree cover (-0.007*), and renter percentage (-0.004*). In terms of
degree of association, the standardized coefficients suggest that the percentage of people with a
bachelor’s degree variable is the strongest among all the variables.
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4.5.4. Summary
The Table 4.15 shows the summary results of Spearman’s correlation and linear regression
models of metal concentrations with the independent variables. Percent black shows positive
associations with Ti, Cr, Co, Ni, Cd, Pb, and Sb concentrations. Hispanic percentage is positively
associated with Pb. Median household income is negatively associated with Co, Pb, and Sb. Poverty level
is positively associated with Ti, Pb, and Sb. Percentage of people with a bachelor’s a degree is associated
negatively with Cr, Co, Ni, Pb, and Sb. Average household size is positively associated with Co and
negatively associated with Ni, Cd, Pb, and Sb. Renter percentage has a negative association with Cd.
Single-family unit is negatively associated with Co and positively associated with Pb and Sb
concentrations. Percentage of people with disabilities has a negative association with Sb concentrations
and positively with Co and Pb. The elderly percentage is negatively associated with Co, Pb and Sb
concentrations.
Table 4.15. Summary results of Spearman’s correlation and linear regression models of metals
concentrations with the independent variables
Variables set
Race/ethnicity

Variables
Ti
Cr
Mn Co
Ni
Cd
Hg
Pb
As
Sb
PCT_Black
+/+ +/
+/
+/ +/++
+/++
/+
PCT_Hisp
/+
/Social stratification
Medhhinc
-/
-/
-/
PCT_Pov
+/
/++
+/
+/
PCT_Bachlr
-/-/
/-/
//-Ave_hh_sz
/++ ///-/-//-PCT_Renter
//PCT_SF_Units
/-/+
/+
Vulnerable groups
PCT_Dis20
+/
-/+/
/Age<5_PCT
Age>65_PCT
-/
/-//-+/++ or -/-- shows the (Spearman’s/Full model & Backward stepwise regression models) associations
between metals and independent variables. When there is no association, there will be no + or –
symbols.
Even though I ran a statistical analysis on As and Hg, I only examined the results qualitatively.
When the associations of As and Hg were compared with the same independent variables with the
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associations of the other metals, it was found that As concentrations showed significant negative
association with percentage of people with a bachelor’s degree. Similar results were found in Sb, Ni, and
Cr. The negative association between As and average household size was also found in Sb, Pb, Cd, and
Ni. There was a decrease in As, Sb, and Cd concentrations when tree cover percentage increased. Similar
significance of association was also found in renter percentage in both As and Cd. For Hispanic
percentage, As showed a negative association, opposite to the association with Pb concentration.
The concentration of Hg was found to be negatively associated with the elderly percentage, and
this association is similar in Pb and Sb. Further, the negative association between Hg and average
household size was also found in Sb, Pb, Cd, and Ni. Mercury was negatively associated with both elderly
percentage and tree cover percentage, similar to the Sb association with those two independent
variables. Mercury was the only metal that showed positive association with percent in poverty, which
supports the environmental inequity hypothesis, and agreed with most of the previous studies. The
other nine metals showed no association with this variable.
4.6 Discussion
This dissertation addressed some gaps in previous environmental equity studies. Those studies
used alternatives to measure actual air pollution concentrations, such as modeling to estimate air
pollution exposure. This is because of the high cost of obtaining high spatial resolution of air pollution
from actual measurements. Those studies also focused on examining exposure to criteria pollutants,
while hazardous pollutant (e.g., metals) studies are rare in environmental equity literature. One of the
main objectives of this dissertation was to determine environmental equity implications of metal air
pollution in Tampa. This was done by comparing demographic data with metal air pollution
concentrations data that were obtained from Spanish moss samples that were collected in the study
area with a high spatial resolution (N=174).
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One of the main questions in this dissertation is whether concentrations of metal air pollution as
detected by the bioindicator are disproportionately distributed among different population groups in
the city of Tampa. The hypothesis assumes that certain population groups are exposed to higher levels
of air pollution than other population groups in Tampa. The results of this study agree with previous
studies regarding the theory of racial inequity in the level of exposure to metal air pollution. The findings
reveal that the black population group was disproportionately exposed to high levels of titanium,
cadmium, lead, and antimony as air pollutants in Tampa. The majority of environmental equity studies
(e.g., Chakraborty et al., 2012; Morello-Frosch et al., 2001; Stuart et al., 2012; Zou et al., 2014)
confirmed this association with different air pollutants.
The results of this study showed that Hispanics are disproportionately exposed to high level of
metal air pollutants. In a similar study conducted in Tampa Bay regarding ethnicity that modeled
hazardous air pollutants (HAPs), it was found that the Hispanic population was also disproportionately
exposed to high levels of HAPs (Chakraborty, 2012). More studies that examined different air pollutants
in the Tampa Bay area and Hillsborough County also found similar results (e.g., Stuart & Zeager, 2011;
Stuart et al., 2012; Lersch & Hart, 2014) with different air pollutants.
There was some evidence to suggest that vulnerable population groups were found to be
exposed to lower levels of air pollution in this study. No association was found with any type of pollutant
in the children’s population group. The people with disabilities population group was found to be
exposed to lower levels of Sb than any other population group. Chakraborty (2009) also found a similar
association with the people with disabilities population group when he modeled HAPs in the Tampa Bay
area.
Moreover, the elderly population group did not suffer from high levels of exposure to lead or
antimony, and the association was negatively significant with these metals. Mercury also showed a
similar negative association with the elderly population, but the laboratory analysis revealed high errors
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regarding this metal. These results contradicted many environmental inequity studies (e.g., LomeHurtado et al., 2019; Moreno-Jimenez et al., 2016; Pearce et al., 2006) that showed that the elderly
population group was disproportionately exposed to high levels of air pollutants such as PM10 and NO2,
but the finding agrees with similar studies that were conducted in the Tampa Bay area (e.g.,
Chakraborty, 2009; Chakraborty et al., 2012). For example, using a model, Chakraborty (2012) examined
environmental inequity in potential cancer risk from inhalation exposure to HAPs. The results of the
study showed that the elderly population (65 years and over) was negatively associated with lifetime
cancer risk. When examining lead and antimony, which are also toxic air pollutants, my results
strengthen these two studies regarding this association. As Chakraborty (2009) reported, it is not
surprising that the elderly population is not being exposed to a high level of air pollution due to their
high wealth level and their propensity to live in zones with higher air quality. Also, as reported by
Chakraborty (2009), the results of the elderly and the people with disabilities population groups
together can be explained by the fact that senior populations tend to live in less-dense zones with low
transportation services. This is reasonable because, as stated by Rosenbloom (2001), the elderly
population is less likely to use transportation services. Still, more studies are needed to examine these
two associations in Tampa.
In this dissertation, the independent variables that show social stratification are median
household income, percentage of people with a bachelor’s degree, average household size, renter
percentage, percent in poverty, and single-family unit percentage. The results suggest that populations
with less education suffer from disproportionate exposure to high concentrations of nickel, arsenic, and
antimony metal air pollutants. This agrees with previous environmental equity studies, such as the study
by Zou et al. (2014), which found that populations with less education were being exposed to high levels
of sulfur dioxide (SO2). This association suggests that populations with higher education levels tend to
live in better air quality zones than other population groups in Tampa. This is reasonable since they, in
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most cases, have a better economic status that enables them to have options in terms of where to
reside.
Previous studies (e.g., Morello-Frosch et al., 2001; Stuart et al., 2012) showed that low income
population groups suffer disproportionately and are exposed to high levels of air pollution. This study
showed a weak evidence of an association between some metals and income. Spearman’s correlation
showed a positive association between poverty and three metals (Ti, Pb, and Sb). However, no
associations were found in linear regression models. The results showed that the renter percentage is
negatively associated with only one metal (Cd). This association contradicts previous studies
(Chakraborty, 2009; Chakraborty, 2012; Morello-Frosch et al., 2001) that showed a positive association
with HAPs exposure risk. Although the single-family unit population group had a positive association
with Pb and Sb concentrations, it had a negative association with Co metal concentrations. The average
household size showed a negative association with Sb, Pb, Cd, and Ni metal concentrations. These social
stratification variables (renters, single-family units, and average household size) can indicate luxury or
level of wealth. This allowed us to examine the wealth variable indirectly. For example, wealthier people
tend to own houses instead of renting, and have a smaller household size as previous studies had
indicated (e.g., Burch et al., 2004; Gilbert & Chakraborty, 2011; Morello-Frosch et al., 2001).
Taking the above three variables (Renter percentage, Single-Family units, and average
household size) into account seems to indicate that less wealthy population groups do not suffer from
exposure to high concentrations of metal air pollutants, but the opposite is true in environmental equity
theory. Previous studies (e.g., Chakraborty, 2009; Chakraborty, 2012) that examined poverty and HAPs
exposure risk in Tampa Bay revealed similar results. Some of their linear regression models showed a
negative association between air pollution and poverty, while other regression models showed no
association. As Chakraborty (2009) stated in his research findings, this association between wealth and
air pollution exposure is complicated in Tampa. It is possible that Tampa might have a curvilinear
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relationship between poverty level and air pollution exposure, in which it takes an inverted U-shape
curve. Morello-Frosch et al. (2001) pointed at this phenomenon when they examined this association in
Southern California. They stated that this association might be because the poorest population groups
have a low level of economic activities or pollution-generating activities. Thus, it is possible for them to
live in zones with low levels of air pollution. On the other hand, the richest population groups have the
economic and political power to live in zones with low air pollution. Indeed, future research is necessary
and should be conducted to examine this association in Tampa.
This dissertation findings showed that certain population groups are living in areas with high
level of metals concentrations in Tampa. The results of this study, mostly, agree with previous studies
that were conducted in many other cities regarding the relationship between population groups and
metals concentration. However, some population groups such as low-income population in this study do
not show association like previous studies showed. This indicate the relationship between population
groups and pollutants concentrations is not always the same in all cities. Each city has its own variables
that affect this relationship. To better understand this relationship, the reasons that caused this
relationship should be examined. This study is limited to examine outcome inequity (who are exposed to
higher level of metals air pollution?). Further studies are needed to examine process inequity (why
certain population groups are exposed to higher level of metals air pollution?).
Population groups might be exposed to specific metal air pollutants. For example, this study
found that Black population groups are living in areas with high level of Ti, Cd, Pb, and Sb metals
concentrations. This finding could not be found in previous studies that examine hazardous pollutants
exposure in general. This study showed more details about the type of pollutants. This helps future
studies to examine the sources of these pollutant types and their relationship to those disadvantaged
population groups.
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This dissertation introduced Spanish moss as an air pollution bioindicator to environmental
equity studies. To date, only a few of these studies have involved biomonitoring methods (e.g., Gurgatz
et al., 2016; Occelli et al., 2016) using tree barks and lichen species as bioindicators. Introducing new
species in environmental justice applications will be beneficial to the field. Also, using Spanish moss as
an air pollution bioindicator in environmental justice studies provides a low-cost and simple
methodology for producing high spatial resolution data, thus overcoming the low spatial resolution data
and high costs that limit most air pollution studies. Moreover, this dissertation examined metal air
pollutants exposure which has rarely been done in environmental equity studies. Almost all previous
studies examined criteria pollutants, while ignoring metal air pollutants in such applications.
Future research studies are necessary and should be conducted to examine the association
between low-income population and air pollution in Tampa. This association is complex in Tampa, as
Chakraborty (2009) stated. Most wealth indicator variables show that poor population groups are not
being disproportionately exposed to high levels of metal air pollution, similar to a previous study
conducted in the area examining HAPs pollutants. Future research studies are needed to look at process
inequity in Tampa regarding metals concentrations. The examination of process inequity is crucial to
better understand the reasons behind the relationship between certain population groups and level of
metal air pollutants concentration. Environmental equity studies also need to examine the spatial
distribution of pollution sources, especially for pollutants that showed association with certain
population groups in this study. This will help decision makers to better assess inequity in Tampa and
find solutions.
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CHAPTER 5 CONCLUSIONS
One of the main goals of this dissertation was to determine if the use of Spanish moss as a
bioindicator is a good method for characterizing ambient concentrations of metals (Hg, Pb, Cd, Ti, Ni, As,
Sb, Co, Cr, and Mn) when using the passive sampling method in the city of Tampa, Florida. This was done
by comparing samples collected from sites that are potentially polluted and from conservation lands
that are much less polluted. The second goal was to determine the impact of vegetation cover on metal
air pollutants. To examine this, a quantitative examination was done to evaluate the degree of
correlation between the tree cover percentage and metal air pollutant concentrations within block
groups and buffers that are delineated around each sampling site. Lastly, the dissertation aimed to
determine the environmental equity implications of metal air pollution in Tampa, and this was done by
analyzing associations between demographic data and metal air pollution data obtained from Spanish
moss. The three main research questions that directed this dissertation research were Q1: Is Spanish
moss (Tillandsia usneoides) an effective bioindicator of metal air pollutants in Tampa when the passive
sampling method is used? Q2: Are the levels of metal air pollutants (Ti, Cr, Mn, Co, Ni, Cd, Hg, Pb, As,
and Sb) detected by the bioindicator lower in areas of Tampa with higher tree canopy cover? and Q3:
Are air pollution metal concentrations as detected by the bioindicator disproportionately distributed
among different population groups in Tampa?
The following sections conclude the findings to address the three main questions of this
dissertation. Each section will provide the goal of the study, findings,contribution, and direction of
future studies. It will also highlight the major limitations of this dissertation research.
Spanish moss is an air pollution biological indicator. One part of this dissertation focused on
measuring hazardous air pollutants (Ti, Ni, Co, Cr, As, Cd, Sb, Pb, Hg, and Mn) that are partially ignored
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in the literature. This was done by using Spanish moss as a bioindicator as an alternative air pollution
measurement technique to test the plant’s performance in detecting variation in air pollution using a
passive sampling method. The findings showed that Spanish moss can distinguish variations in metal
pollutant concentrations in the air. In general, statistical analysis results found that there is a significant
difference in metal concentrations between polluted and conservation land sites: high mean
concentrations in Spanish moss at polluted sites and low mean concentrations at conservation land
sites. Manganese showed the opposite of those findings, while Hg was below the limit of detection. The
opposite association found in Mn was explained by the enrichment of this type of pollutant in forest
grounds since this metal is an essential nutrient found in plants (litterfall caused the forest ground
enrichment of this metal). Examining the association between metal concentrations in Spanish moss and
total road length and distance to the nearest pollution point source was also a complementary analysis.
The results showed that the closer the Spanish moss samples are to pollution point sources, the higher
the metal concentrations found in these samples. Also, metal concentrations in Spanish moss samples
increase with an increase of total road length surrounding it. These results support the hypothesis that
Spanish moss can be an excellent biological indicator of air pollution, as it demonstrated an ability to
detect variation in air pollution concentrations in Tampa. Also, the passive sampling method was found
to be effective in showing variation in air pollution concentrations.
This dissertation examined the ability of Spanish moss to detect variation in metal air pollution
using the passive sampling method. The literature lacks similar studies, especially on the North American
continent. This study used Spanish moss as a bioindicator in Tampa for the first time to proof that it is
suitable bioindicator in this area since it is spread around the whole city. Also, since bioindicators are
poorly examined in research studies, the study’s findings might help researchers to better understand
Spanish moss as a bioindicator and provide information for developing standardized methods in future
studies since there are still no standardized sampling and analysis methods for biomonitoring (Marc et
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al., 2015; Martinez-Resendiz et al., 2015). Based on previous studies, this dissertation provided a
methodology that could help future research in considering establishment of a standardized
methodology in terms of sample collection, sample preparation, and laboratory analysis. Moreover,
previous studies usually use an active sampling method (transplant non-polluted samples into the study
area which are then collected after a certain period). The use of the passive sampling method (collection
of samples that were already in the study area) is extremely rare in the literature. This dissertation
provides a passive sampling design that showed comparable results to previous similar studies.
Future studies are needed to fill gaps. First, a standardized methodology for bioindicators is
crucial. Sample collection, sample preparation, and laboratory analysis methods have varied from one
study to the next. For example, Bettinelli et al. (2002) stated that results between laboratories vary and
sometimes conflict with each other because of procedure differences. Future research is needed to
establish a standardized method for biological indicators in general, and for Spanish moss in specific.
Moreover, comparative studies of passive and active methods need to be conducted in future studies to
examine their differences more closely. The passive sampling method saves time by avoiding waiting for
the transported samples to take up and accumulate air pollutants. Furthermore, when measuring Hg in
bioindicators, it is important to note that Hg needs more consideration due to its volatility and plant
uptake. Scientific research on the interaction between air and epiphytic plants is needed in future
studies for different types of pollutants, especially for Hg.
One of the limitations in bioindicator studies in general is that there is no standardized method
yet. Sample collection, sample preparation and analytical methods could be different from one study to
the next. Also, pollutant concentrations measured from a plant do not give an exact reading of the
pollutant concentrations in the air as traditional methods do, unless the plant concentrations are
calibrated with traditional air measurement readings. Moreover, there is a lack of scientific research on
the interaction between air and epiphytic plants.
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Another goal of this dissertation was to determine the impact of vegetation cover on metal air
pollutants. This was done by examining the association between metal concentrations measured in
Spanish moss and tree cover percentage within buffers delineated around sampling sites. The finding
showed that Cd, Pb and Sb metals had a significant negative association with tree cover percentage in
Spearman’s correlation. However, no association was found when OLS and SAR regression models were
performed. This suggest the results of this association is weak.
More research is needed to conduct experiments in this type of application (tree cover and
metals air pollution concentrations). Most of these previous studies, if not all, focused on criteria
pollutants. Future work is needed to consider other factors that affect air pollution foliar deposition
such as vegetation characteristics, meteorological data, and chemical/physical characteristics of
pollutant types when examining the efficiency of vegetation in enhancing air quality. More adequate
sampling method could show the effect of tree cover on mitigating and reducing metal air pollution in
the area. For example, take land-use types into consideration when sampling. Also, introducing other
variables in the regression models that affect air pollution concentrations.
One of the goals of this dissertation was to determine the environmental equity implications of
metal air pollution in Tampa, and this was done by associating demographic data, at the block group
level, with air pollution data measured by Spanish moss. For statistical analysis, Spearman’s correlation
and linear regression were performed (full model and backward step-wise model).
The results of this study agree with previous studies regarding the theory of racial inequity in
the level of metal air pollution exposure. The findings reveal strong evidence that the black population
group was disproportionately exposed to high levels of titanium, cadmium, lead, and antimony as air
pollutants in Tampa. The majority of environmental equity studies (e.g., Chakraborty et al., 2012;
Morello-Frosch et al., 2001; Stuart et al., 2012; Zou et al., 2014) confirmed this association with different
air pollutants. The results of this study showed only minimal evidence that Hispanics are
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disproportionately exposed to high levels of metal air pollutants. These results supported previous
studies that examined different air pollutants in the Tampa Bay area and Hillsborough County and found
similar results (e.g., Stuart & Zeager, 2011; Stuart et al., 2012; Lersch & Hart, 2014) with different air
pollutants.
There was some evidence to suggest that vulnerable population groups were found to be
exposed to lower levels of air pollution in this study. The people with disabilities population group was
found to be exposed to lower levels of Sb than any other population group. Chakraborty (2009) also
found a similar association with the people with disabilities population when he modeled HAPs in the
Tampa Bay area. Moreover, the elderly population group was negatively associated with Pb and Sb
concentrations. These results contradicted many environmental inequity studies (e.g., Lome-Hurtado et
al., 2019; Moreno-Jimenez et al., 2016; Pearce et al., 2006) that showed that the elderly population
group was disproportionately exposed to high levels of pollutants such as PM10 and NO2, but the finding
supported and agrees with similar studies that were conducted in the Tampa Bay area (e.g.,
Chakraborty, 2009; Chakraborty et al., 2012).
In this dissertation, the independent variables that show social stratification are median
household income, percentage of people with a bachelor’s degree, average household size, percentage
of renters, poverty level percentage, and single-family unit percentage. The results of this dissertation
suggest that populations with less education suffer from disproportionate exposure to high
concentration levels of Ni, As, and Sb air pollutants. This agrees with previous environmental equity
studies, such as the study by Zou et al. (2014), which found that populations with less education
attainment were being exposed to high levels of sulfur dioxide (SO2). This association suggests that
populations with higher education levels tend to live in better air quality zones than other population
groups in Tampa.
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Previous studies (e.g., Morello-Frosch et al., 2001; Stuart et al., 2012) showed that low income
population groups suffer disproportionately and are exposed to high levels of air pollution. This study
showed a weak evidence of the associations between pollution levels of certain metals (Ti, Pb, and Sb)
and poverty. Social stratification variables (renters, single-family units, and average household size) that
can indicate luxury or level of wealth were examined. Taking the results of the three variables into
account seems to indicate that less wealthy population groups do not suffer from exposure to high
concentrations of metal air pollutants, but the opposite is true in environmental equity theory.
However, these results support previous studies’ findings (e.g., Chakraborty, 2009; Chakraborty, 2012)
that examined poverty levels and HAPs exposure risk in Tampa Bay. As Chakraborty (2009) stated in his
research findings, this association between wealth and air pollution exposure is complicated in Tampa.
This dissertation suggests that Tampa might have a curvilinear relationship between poverty level and
air pollution exposure, in which it takes an inverted U-shape curve, similar to what Morello-Frosch et al.
(2001) pointed at in Southern California. Indeed, future research is necessary and should be conducted
to examine this association in the study area.
This study introduced a new bioindicator plant to environmental equity application. Using
Spanish moss as an air pollution bioindicator in environmental justice studies provides a low-cost and
simple methodology for producing high spatial resolution data, thus overcoming the low spatial
resolution data and high costs that limit most air pollution studies. Other environmental justice studies
like this one could benefit from such a sampling methodology. To date, only a few of these studies have
involved biomonitoring methods (e.g., Gurgatz et al., 2016; Occelli et al., 2016) using tree barks and
lichen species as bioindicators. Introducing new species in environmental justice applications will benefit
the field. The use of a particular species in any study depends on the availability of this species in the
area and on how well it is distributed (Martinez-Resendiz et al., 2015).
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As Occelli et al. (2016) stated, the use of bioindicators in environmental equity studies is
extremely rare. Still, the high spatial resolution sampling of bioindicators at a low cost will provide
environmental equity studies the opportunity to examine not only criteria pollutants as other previous
studies have (e.g., Lersch & Hart, 2014; Lome-Hurtado et al., 2019; Moreno-Jimenez et al., 2016), but
also metal pollutant exposure. According to the literature, metal exposure has rarely been examined in
environmental equity studies due to data availability issue. In Hillsborough County, and Tampa in
particular, environmental equity studies have examined NO2 (Stuart & Zeager, 2011) and Pb (Lersch &
Hart, 2014) as criteria pollutants. Other environmental equity studies (Chakraborty, 2001; Lersch & Hart,
2014; Stuart et al., 2009) have used models based on proximity analysis to examine pollutant releases.
This study, which examines environmental equity, is crucial since it provides information and metrics
that support risk management, policy making, and evaluation of current policies to help solve a bigger
issue—that of inequity and injustice in the city of Tampa.
Future research is necessary and should be conducted to examine the association between
poverty level and air pollution in Tampa. This association is complex in Tampa, as Chakraborty (2009)
stated. Most wealth indicator variables show that poor population groups are not being
disproportionately exposed to high levels of metal air pollution, similar to a previous study conducted in
the area examining HAPs pollutants. Future research studies are needed to look at process inequity in
Tampa regarding metals concentrations. The examination of process inequity is crucial to better
understand the reasons behind the relationship between certain population groups and level of metal
air pollutants concentration.
Like any other study, this one has advantages and limitations. The concentrations of metals
represent what is in the plant itself and do not give an exact reading of the pollutant concentrations in
the air as traditional methods do, unless the plant concentrations are calibrated with traditional air
measurement readings. Also, relying on a biological indicator to measure air pollution lacks a standard
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method (in terms of sampling, sample preparation, digestion method, etc.). However, this method
successfully showed the variation in metal concentrations in the study area at a low cost and with high
spatial resolution.
To sum up, this study had three main goals. First, it aimed to use Spanish moss as a bioindicator
to characterize ambient concentrations of selected metals (Ti, Cr, Mn, Co, Ni, Cd, Hg, Pb, As, and Sb) in
Tampa, Florida, using the passive sampling method. Second, this study tried to determine the impact of
vegetation cover on mitigating metal air pollutants. Last, this work tried to determine the environmental
equity implications of metal air pollutions in the area. The results showed that the concentrations of
metals of interest were higher in samples collected in potentially polluted areas. This suggests that
Spanish moss was able to detect variations in air pollution concentrations. It also suggests that the
passive sampling method is promising for future use. The results showed no association between tree
cover percentage and metal concentrations in Spanish moss. I suggest using a better sampling
methodology to examine the association between tree cover and metal concentrations. Finally, it was
found that black populations are living in areas where there are high concentrations of metal air
pollutants (Ti, Cd, Pb, and Sb). Hispanics are living in areas where there are high concentrations of Pb
only. There were no associations found between low income and metal air pollutants. More educated
populations are living in areas that have low metal air pollutants (Sb, Ni, and Cr). People with disabilities
and the elderly live in areas with low levels of metal air pollutants (Sb and pb, respectively). Social
stratification factors (average household size, percentage of renters, and single family units) suggest that
low income populations do not suffer from being exposed to high levels of metal air pollutants.
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